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ABSTRACT

SMOS (Soil Moisture and Ocean Salinity) is ESA’s Earth Explorer series satellite carrying

the novel MIRAS (Microwave Imaging Radiometer with Aperture Synthesis) interfero-

metric synthetic aperture radar. Its objective is monitoring and studying the planet’s

water cycle by following the changes in soil moisture levels and ocean surface salt con-

centrations on a global scale. The success of the mission calls for nearly uninterrupted

operation of the science payload. However, the instrument experiences sporadically prob-

lems with its hardware, which cause losses of scientific data and may require intervention

from ground to resolve. The geographical areas in which most of these anomalies occur,

polar regions and the South-Atlantic anomaly, give cause to assume these problems are

caused by charged particles in the planet’s ionosphere. In this thesis, methods of predict-

ing occurrence of hardware anomalies from indicators of Earth radiation environment are

investigated.
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CHAPTER 1

Introduction

In this thesis work, methods of predicting times of occurrence of hardware anomalies

causing losses of science data in the European Space Agency’s (ESA) Soil Moisture and

Ocean Salinity (SMOS) satellite are investigated. SMOS is the second satellite in ESA’s

Living Planet program of Earth exploration satellites, and has the objective of studying

the planet’s water cycle. Further details of the satellite and its only payload are presented

in sections 1.1 and 1.2, respectively.

Because of the geographical areas in which the majority of the hardware anomalies

occur, polar regions and the area of the South-Atlantic anomaly – both known to be

areas of more severe radiation environment – it is assumed that the anomalies are caused

by charged particles hitting the sensitive parts of the instrument. The properties and

different types of anomalies are discussed in the section 1.3.

The investigations in this thesis are based on the assumption that a significant propor-

tion of the hardware anomalies are caused by processes related to the radiation environ-

ment. The processes may either always lead to an anomaly, or have a certain probability

of causing one. No attempt is made to name or explain these processes. In effect, the

interaction between the satellite and the radiation environment is viewed as a black box:

properties of the radiation environment are the input, hardware anomalies the output.

The aim is to find those conditions which lead to anomalies occurring.

The predictions have little operational use, as nothing can be done to prevent the

anomalies and the satellite will in any case be left unmonitored during weekends and

holidays, so even with the knowledge of an occurrence of an anomaly out of office hours

it would not be fixed before the next work day. Rather, they serve as a way to gain insight

into anomaly predicting procedures and into the anomalies themselves. If it would be

known in which conditions anomalies in the MIRAS instrument occur, future measuring

equipment could be made better protected against those.

As the SMOS satellite carries no radiation sensors, the exact radiation conditions at the

location of the satellite are not known. Instead, they have to be inferred from secondary

sources, such as from other satellites. The data sources used are presented in section 2.2.
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2 Introduction

The objective is to find a set of rules that allow for the prediction of anomalies. For

this purpose, the capabilities of each of the indicators of Earth radiation environment is

analyzed with the methods detailed in section 2.3, and their usefulness judged with the

criteria in 2.1.

1.1 SMOS satellite and mission

The Soil Moisture and Ocean Salinity (SMOS) satellite [1, 5] is the European Space

Agency’s (ESA) Earth observation satellite launched in 2009 as ESA’s second Earth Ex-

plorer Opportunity mission. It will make continuous global observations of soil moisture

over landmasses and water salinity in seas in order to improve understanding of the

planet’s water cycle and in particular, water exchange processes between land and sea

surfaces and the atmosphere. The mission was proposed in 1998 in the first call for Earth

Explorer Opportunity missions, and accepted in 1999. Its design was finished in 2003

with the launch originally planned for 2007.

Soil moisture refers to the water stored between soil particles. It is crucial in governing

the humidity in lower atmosphere: wet soil can contribute a lot of moisture to the air

through evaporation, while dry soil can contribute little or not at all. Besides controlling

local humidity, evaporation is also involved in the transfer of heat from the ground to

the atmosphere.

Ocean salinity describes the proportion by weight of salt dissolved in seawater. On

average, sea surface salinity is 35 practical salinity units (psu, one psu means one gram of

various salts in a kilogram of water) in the world’s oceans, but can fluctuate spatially and

temporally through precipitation or evaporation or by ocean currents and river outlets.

Salinity increases the density of water, and denser water sinks deeper, and thus ocean

salinity affects for example the flow of sea currents. Despite their importance to the global

climate systems, there have been few global data sets of these two crucial variables. The

same processes, evaporation and precipitation, largely control both soil moisture and

sea surface salinity, and global, near-realtime datasets from SMOS will help us better

understand these processes and through them, the Earth’s water cycle. The water cycle

in turn plays a major role in the climate and weather and hence, in human, animal

and plant life both in short and long timescales. A secondary scientific objective for the

mission is the characterization of the cryosphere and sea surface ice, as these influence the

water cycle and climate through e.g. changes in surface albedo and heat conductivity,

and freshwater influx from melting ice. In addition, SMOS data finds applications in

agriculture, oceanography and water resource management, among others.

The satellite itself is built on the Proteus platform, provided by the French space agency

Centre National d’Etudes Spatiales (CNES). Proteus is a generic spacecraft bus for low-

Earth orbiting satellites weighing between 500 and 700 kg, developed by the CNES and

Thales Alenia Space. The satellite is illustrated in figure 1.1 and in stowed condition

before launch in figure 1.2. Some technical details are provided in table 1.1. It was
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launched on 2nd November 2009 to a sun-synchronous dawn-dusk orbit from Plesetsk,

Russia, aboard a Rockot launcher. The orientation of the satellite with respect to the

Sun is kept approximately constant: the platform is maintained with a 32.5◦ forward tilt

in flight direction, with the the same arm always pointed along track.

Figure 1.1: Illustration of the SMOS satellite. The upper half consists of the Proteus platform,

while the payload makes the lower half. Both the solar panels and the three arms of the MIRAS

instrument are deployed. Image credit: ESA/AOES Medialab.

SMOS mission control is operated in two locations. Mission control for the Proteus

platform is performed by the CNES in the Proteus Control and Command Centre (CCC)

in Toulouse, France, while the payload operations are designed by ESA in the Payload

Operations Programming Centre, and executed by the CCC. Likewise, the ground seg-

ment is divided between two sites. Telemetry and telecommand are transmitted via the

S-band through the ground station in Kiruna, Sweden, and science data is received via the

X-band at the European Space Astronomy Centre (ESAC) in Villafranca, Spain. Teleme-

try and telecommand operations are complemented by stations in Aussaguel, France, and

Kourou, French Guiana, and an additional X-band downlink station in Svalbard, Norway
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Figure 1.2: The SMOS satellite in stowed condition prepared for launch. Both the MIRAS

instrument arms and the solar panels were folded [2].

participates in the reception of the payload data. When an X-band ground station is

visible, all science data in the memory is transmitted to the station. With this network of

ground stations, the longest possible duration between two science data downlinks is two

orbits or about 200 minutes. Payload data is first processed at ESAC, and distributed to

users through ESA’s Centre for Space Observation (ESRIN) in Frascati, Italy. Long-term

archives are located in Kiruna.

Table 1.1: Some properties of the SMOS satellite.

Launch date 2nd November 2009

Orbit type Sun-synchronous dawn-dusk, quasi-circular

Mean altitude 758 km

Orbital inclination 98.44 deg

Mass 658 kg (Proteus platform 303 kg, MIRAS payload 355 kg)

Maximum power 1065 W (platform 554 W, payload 511 W)

Orbit determination GPS

Orbit control Four 1 N hydrazine monopropellant thrusters

Attitude determination 3-axis gyroscope, star tracker, sun sensor, magnetometer

Attitude control Reaction wheels, megnetotorquers
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1.2 MIRAS instrument

To be able to perform global soil moisture and ocean salinity measurements from space,

a novel instrument had to be developed. This instrument, the Microwave Imaging Ra-

diometer with Aperture Synthesis (MIRAS) [2], was built by a consortium of over 20

European companies led by EADS CASA Espacio from Spain, and is the only payload

aboard the SMOS mission.

MIRAS is a 2D synthetic aperture interferometric radiometer. Radiometer is an in-

strument that detects the amount of electromagnetic radiation emitted by the target in

a given frequency range. Interferometry makes use of the phase differences of signals

received by two or more antennas to improve their resolution. More specifically, in syn-

thetic aperture interferometry, a larger antenna is synthesized from the measurements of

multiple smaller ones separated in space. This is useful to reduce the weight and size

of antennas. Figure 1.3 provides an external view of the instrument, while table 1.2

showcases some of its properties.

Table 1.2: Some properties of the MIRAS instrument [21]

Swath width 600 km (hexagon-like FOV)

Tilt angle 32.5 deg

Spatial resolution 35 km at centre of field of view

Grid spacing 15 km

Temporal resolution 3 days revisit at Equator

Operational mode Dual and full polarization

Radiometric Accuracy
1.8 K (at 180 K)

2.2 K (at 220 K)

MIRAS operates by measuring the electromagnetic radiation emitted by land and sea

surfaces in the microwave L-band between frequencies 1.400 GHz and 1.427 GHz. This

frequency range was chosen, because it offers the greatest sensitivity to soil moisture and

ocean salinity, minimizes the disturbances caused by weather, atmosphere and vegetation,

provides a larger penetration depth into soil, and is protected from man-made emissions

by the International Telecommunication Union radio regulations [20]. For each point in

its swath area, MIRAS detects the brightness temperature, i.e. the temperature of an

ideal black body in thermal equilibrium, which emits as much electromagnetic radiation

in the given frequency band as the actual target. From the brightness temperature,

surface emissivity can be obtained, which depends on the soil moisture for landmasses

and sea surface salinity for oceans. Thus, the brightness temperature scene, dubbed

level 1 data, is through data processing converted into the soil moisture and sea surface

salinity profiles, called level 2 data.
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Figure 1.3: Illustration of the MIRAS instrument arms with description of the various com-

ponents. One of the LICEFs is showed in exploded view. Image credit: ESA-AOES Medialab.

A traditional antenna of a diameter of 8 meters would be required to achieve the

necessary spatial resolution for global meteorological and hydrological models. This is,

however, too large for any launch vehicle. Instead, new technology had to be developed.

The MIRAS antenna consists of 69 separate, small receivers, called Light-weight Cost

Effective receivers or LICEFs, housed on 4.5-meter long folding arms, which while un-

folded give the instrument its distinctive Y shape. From these, an antenna of a diameter

of over 8 meters is synthesized through the use of the Corbella equation formulated in

the Polytechnic University of Catalonia during the mission pre-development, a major

contribution to radio science even before the launch of the mission. The equation states,

that the cross-correlations between the signals of each LICEF pair constitute the Fourier

components of the difference between the brightness temperature of the target and the

physical temperature of the receiver, and thus the brightness temperature profile can be
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calculated by taking the inverse Fourier transform of these cross-correlations.

Nonetheless, the brightness temperature is not solely a function of soil moisture or

surface salinity [1]. For land measurements, it is affected also by the vegetation cover and

surface temperature, and for ocean measurements, the sea surface temperature and wind

speed and direction. To find the correct brightness temperature, two techniques are used

to reduce the contributions of the other variables. Firstly, measurements are conducted

with two perpendicular polarizations, and secondly, in multiple different incidence angles,

as the spacecraft moves over the scene. The variables contribute to these measurement

sets in different ways, allowing one to discriminate between their effects and calculate

the value of each variable.

The use of SMOS data in climatology, meteorology and hydrology sets several require-

ments for the data sets. For land areas, global atmospheric models require a spatial

resolution of at least 50 km, and this resolution also allows hydrological modelling of

the largest hydrological basins in the world. To retrieve the total soil moisture content

and to track evaporation and transpiration and the drying periods after rains, a revisit

time of 2.5 to 3 days for ascending passes is necessary. Estimation of evaporation and

soil transfer parameters requires a volumetric soil moisture accuracy of 4 %. For sea

regions, sea surface phenomena and ocean circulation studies need a salinity accuracy of

at least 0.1 psu with a spatial resolution of 200 km and temporal resolution of 10 days.

For monitoring moving salinity fronts, the salinity accuracy has to be 0.5 psu over 50 km

every 3 days. For global models, latitude coverage of both land and sea areas of at least

±80◦ is needed. The data sets have to include at least two full seasonal cycles, leading

to a minimum mission duration of 3 years [1].

To achieve the accuracy requirements stated above, the brightness temperature sensi-

tivity has to be better than 3 K over land areas and better than 2 K with a systematic

error of less than 0.02 K over oceans. In the six-month commissioning phase after the

launch, it was validated that the mission is capable of meeting these requirements, as well

as those for spatial resolution and revisit time. To maintain the radiometric sensitivity,

regular re-calibrations are performed. They vary in frequency between 10 minutes of

local oscillator phase calibration, and six months of measurement of antenna errors. In

total, the calibrations take 1.68 % of the measurement time.

1.3 Hardware anomalies

For the success of the mission, the availability of the science data has to be maximized.

Gaps in the measurement data could lead to revisit times longer than three days, con-

trary to the mission requirements. This necessitates uninterrupted operation of both the

MIRAS instrument and Proteus platform. However, during flight operations, two types

of electrical anomalies affecting science data availability and quality have been detected.

This section offers an overview of the two types, called mass memory latch-ups (MMLU)

and command and monitoring node local oscillator unlocks (CMNU). The anomalies are



8 Introduction

further divided by the geographical region in which they occur.

The exact cause of these hardware anomalies is unknown, but both evidence and the

nature of the anomalies strongly suggests that they are caused by the ionizing radia-

tion of the satellite’s orbital environment. The SMOS spacecraft has no radiation sensor

on-board, however, which makes verifying the relationship between the radiation envi-

ronment and the occurrence of the anomalies difficult, and other indicators of the level

and impact of the ionizing radiation have to be used.

In the following, the four types of hardware anomalies are described in more detail.

One should note that each hardware anomaly discussed in this study is either a CMN

unlock or a mass memory latch-up, and may additionally be a polar or South-Atlantic

anomaly (SAA) region hardware anomaly based on the location where it has occurred.

Anomalies that are not located in the polar or SAA region are called other anomalies.

1.3.1 CMN unlocks

The twelve Control and Monitoring Nodes (CMN) act as remote terminals of the MIRAS

central computer, Control and Correlation Unit (CCU)[20]. They handle commands from

and acquisition of analogue telemetry to the CCU. One CMN unit is located in each arm

segment and three are housed in the central hub.

Each CMN generates six local oscillator outputs at the frequency 1396 MHz. Occasion-

ally, an anomaly in the operation of the CMN causes the oscillator to deviate from this

frequency. Usually autonomous relocking to the correct frequency is achieved within 10

seconds, but sometimes the oscillator locks to a wrong frequency. Both of these events

are logged into the telemetry data. In the case of the local oscillator relocking to the

correct frequency, only science data between the occurrence of the anomaly and regaining

of the frequency circa 10 seconds later are lost. However, if the oscillator relocks to the

wrong frequency, the instrument arm has to be switched off and on again to regain the

correct frequency. The command for this has to be sent from the ground station. In this

case all science data until the arm reset is lost. [16, 7]

Figure 1.4 shows the geographical areas above which the CMN unlocks (CMNU) until

1st of March 2016 have occurred. Because of the geolocation of the CMN unlocks – above

polar areas and the South-Atlantic anomaly – and the susceptibility of several CMN

components to radiation, radiation is considered the primary source of CMN unlocks,

with weak correlation with the heater on/off switching and Sun incidence angle also

observed. In total, there have been 115 CMN unlocks up to above date.

1.3.2 Mass memory latch-ups

The mass memory (MM) on-board the MIRAS instrument is used to store the science

data before downlinking to the ground station. The MM consists of 12 partitions, with

a total usable size of 20 Gb. [17]

Latch-up refers to the creation of a low-impedance path between power supply and
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Figure 1.4: The geographical distribution of CMN unlocks. Figure credit: the SMOS Flight

Operations Team.

ground in a semiconductor circuit, caused by radiation or electrical pulse [4]. The high

current flowing through this high-impedance path will heat up the component and may

cause permanent damage if allowed to persist. To prevent damage to the mass memory

module, the latch-up protection circuit switches off the affected memory partition. Each

partition has two blocks, which contain their own latch-up protection circuits [17].

Originally all 12 mass memory partitions were in use, but as it became evident that

the MM experiences occasional latch-ups, the decision was made to change three of the

partitions to inactive. In the case that one of the partitions in use is affected by a

latch-up, one of the inactive partitions is becomes is activated.

If a latch-up occurs in a partition whose data has not yet been transmitted to the

ground station, that data is lost. Furthermore, the partition becomes unavailable until

a command is sent from Earth to reset the partition. Originally the command involved

a reset of the CCU and thus led to an interruption in the data collection, but has since
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then been improved to only reset the affected MM partitions without any data loss.

Figure 1.5 shows the geographical areas above which the 129 MM latch-ups (MMLU)

until 1st of March 2016 have occurred. Because of the geolocation of the MM latch-

ups, the connection of radiation to latch-ups, and the fact that no other cause has been

identified, radiation is the main suspect as the originator of MMLUs.

Figure 1.5: The geographical distribution of mass memory latch-ups. Figure credit: the SMOS

Flight Operations Team.

1.3.3 Anomalies in polar regions

As can be seen from figures 1.4 and 1.5, most of the anomalies occur in two geographical

regions: the polar regions and the area of the South-Atlantic anomaly (SAA). In the

polar regions, the amount of radiation is increased by two causes: near the poles, the

open geomagnetic field lines allow charged particles from the solar wind to reach low
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altitudes, and a little further towards the equator the closed field lines bring charged

particles trapped in the ionosphere closer to the surface, until they hit their mirror

points and reverse. In this study, the lower limits of the polar region are defined as 50◦

Northern and Southern latitude, since this is the latitude at which a significant number

of anomalies starts occurring. It should be noted that as the SMOS satellite has an

inclination of 98.44◦, it only reaches a maximum Northern and Southern latitude of

around 82◦.

Polar anomalies are considered a separate anomaly type from anomalies in the South-

Atlantic anomaly region, as the magnetic field structure and thus charged particle be-

haviour are different in the two regions, and hence different variables might affect the

appearance of anomalies differently.

There have been a total of 80 polar anomalies up to 1st of March 2016.

1.3.4 Anomalies in South-Atlantic anomaly region

The other region with a large concentration of hardware anomalies is the South-Atlantic

anomaly (SAA). The South-Atlantic anomaly is a region of more intensive radiation that

extends approximately from the equator to 50◦ Southern latitude and from 40◦ Eastern

to 90◦ Western longitude, as seen in the figure 1.6. It is formed by the tilt of the Earth’s

magnetic dipole axis with respect to the rotational axis and the intersection of the two

axes being a several hundred kilometers to the north of the center of the Earth bringing

the edge of the inner Van Allen belt of trapped radiation closer to the surface.

Figure 1.6: The location and extend of the South-Atlantic anomaly [19].

In this study, the limits of SAA have been defined as 90◦ and 0◦ Western longitude

and 0◦ and 50◦ Southern latitude, as most of the anomalies are experienced within these

bounds. There have been a total of 144 anomalies in this region up to 1st of March 2016.





CHAPTER 2

Methodology

2.1 Prediction method requirements

For the prediction method to provide useful results, it has to fulfil three requirements:

it has to predict a significant proportion of the hardware anomalies, it must not give

many wrong alerts, and the predictions have to arrive sufficiently in advance to be of

use. These requirements are given the names coverage, trustworthiness, and timeliness,

respectively.

2.1.1 Coverage

Even a way to predict the exact time of a hardware anomaly with complete accuracy is not

of much use, if it only reveals one anomaly in one hundred. The requirement of coverage

ensures that not many hardware anomalies escape detection and occur unexpected.

The coverage of a prediction method or a set of methods is assessed by the coverage

rate, which is the ratio of successful anomaly predictions to all anomalies:

CR =
s

a
, (2.1)

with s the number of successful prediction and a the total number of anomalies. For

the case that the predictions are given in probabilities, the coverage rate is calculated by

CR =
∑

ta

p(ta)

a
, (2.2)

where p(t) is the predicted probability of detecting an anomaly in unit time at time t,

and ta are the times of the anomalies.

There is no explicit requirement for the coverage rate; rather, the higher it is, the

better. A low achieved coverage rate can be caused by either of two things: insufficient

13
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or incorrect prediction variables or criteria, or inherent stochasticity of the process or

processes causing anomalies. In the first case, anomalies slip past the prediction because

the process causing them is not detected by the set of rules. This can be fixed by

including more variables in the calculation of predictions or by tweaking the criteria of

existing variables to detect the processes. Because of the nature of this study, i.e. the

fact that the processes behind the anomalies are not explored, the inclusion and tweaking

is based as much on trial and error as theories and knowledge of the spacecraft and its

environment. Thus, a perfect selection of variabless and criteria is not expected. In

the case of stochasticity, the behavior of the process is not entirely deterministic. The

process might sometimes lead to an anomaly occurring, other times not, and detecting

the process is not enough to predict an anomaly. The process might be so common that

issuing a warning every time it is detected would lead to excessive false alarms. Then the

focus is on finding the circumstances which increase its chance of causing an anomaly.

2.1.2 Trustworthiness

Even a broken clock is correct twice a day. The algorithm would be of little use, if

it constantly predicts anomalies, but the predictions are often wrong. Trustworthiness

ensures that when a prediction is made, there is cause to believe it. Trustworthiness is

quantified by the success rate, i.e. what is the proportion of successful predictions to all

predictions. At its simplest, this is the number of predicted anomalies to all predictions:

SR =
s

n
, (2.3)

where s is the number of successful predictions and n the total number of predictions.

If, instead, the prediction method outputs the anomaly probability, i.e. the likelihood of

encountering an anomaly in the near future, calculating the success rate has to take into

account these varying probabilities: the success rate should be high when the periods

of low anomaly probability are mostly free of anomalies and when the anomalies occur

around the periods of high probability. For this case, the success rate is defined as

SR =
∑

ta

p(ta)∫
p(t)dt

, (2.4)

where p(t) is the predicted probability of detecting an anomaly in unit time at time t,

and ta are the times of the anomalies.

There have been 244 hardware anomalies between the start of the SMOS mission on

2nd of November 2009, and 1st of March 2016, the start of this study. This means that

on average, there have been 0.106 anomalies per day. The algorithm has to achieve a

success rate higher than this over a 24 hour period to be more useful than a blind guess.
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2.1.3 Timeliness

We can’t use even the best predictions if they arrive too late to allow time to prepare.

Timeliness means that the predictions arrive sufficiently in advance for the necessary

preparations to be made.

Timeliness is measured by how much into the future from the present time the predic-

tions reach. Here, this is measured by the advance time. Advance time can be increased

by three causes: the properties of indicators, the availability of data, and the execution

of the prediction algorithm. First, the indicators of different processes occur at certain

times before or after the process, and thus the process can only be detected a certain

time in advance. Second, there might be delays between the measurement of the data

used to look for the indicators, and the time it is available for the algorithm. These in-

clude for example the processing and preliminary validation of the data by the publishing

organization, and the time it takes to download them. Finally, the prediction algorithm

takes a certain time to run even after all the data is available. The impact of the first

two causes can be reduced with the proper selection of indicators and data sources, while

the last one calls for a computationally efficient algorithm.

As the predictions have very little operational value or use, there is no actual require-

ment for the advance time. Rather, it is a sign of the power of the prediction method,

and the strength of the correlation between the variable and anomalies. Being able to

predict the occurrence of anomalies from further away suggests that there is a clearly

progressing process connecting the variable and anomalies.

2.2 Data sources

The SMOS satellite has no on-board radiation sensors. This necessitates using secondary

data sources as a means to estimate the radiation conditions in the orbit of the satellite.

This section presents the sources used in this study and describes what procedures are

applied to the data in order to extract information that may prove useful.

2.2.1 MIRAS on-board RAM errors

The MIRAS on-board software runs in the random access memory (RAM) unit on the

instrument’s correlator and control unit. Each time the polarity of a bit in the RAM is

changed by a hit by a charged particle, an error is issued by the instrument’s software

and logged into the housekeeping data.

As both the MIRAS RAM errors and the SMOS hardware anomalies are likely caused

by charged particles, the RAM errors are expected to act as a sort of an in-situ radiation

counter. With an increase in charged particle density in the SMOS orbit, also the number

of RAM errors is assumed to increase. However, only the charged particles that penetrate

the instrument shielding and hit the RAM unit are counted. Additionally, RAM errors
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and CMN unlocks and MM latch-ups may be susceptible to different radiation types or

energies.

The error detection is performed by a cyclic process running over the memory every

116 minutes. The detected errors might have occurred at any time between the current

and previous scrubbing process, so there is a maximum uncertainty of 58 minutes in the

actual time of the error.

To investigate the correlation between RAM errors and hardware anomalies, the RAM

error data is downloaded from the housekeeping database, and the numbers and dates

compared to hardware anomalies. The aim is to investigate whether the occurrence of

RAM errors lead to an increased probability of encountering hardware anomalies.

2.2.2 SMOS on-board mass memory errors

The housekeeping and science telemetry data generated by MIRAS are stored in the

mass memory (MM) unit of the instrument before transmission to the ground station.

Like with the RAM unit, radiation-induced bit changes are monitored and logged into

the telemetry data by the on-board software. The scrubbing process in charge of the

detection runs every 70 minutes, and is able to correct single-bit errors, though double-

bit errors can only be logged. The memory consists of 12 partitions, which are all powered

on but only nine of them are in use at a time. If a latch-up affects one of the partitions in

use, that partition is made inactive and one of the three partitions not in use activated.

Error numbers and dates of each of these partitions are logged separately.

The reasoning for the use, the limitations, and the analysis methods for the SMOS

MM single and double bit errors are the same as those of the RAM errors. Additionally,

however, it should be noted that after the resets to fix MM latch-ups the reported numbers

of MM errors increases considerably for a duration of about six minutes, and consequently

these periods have to be filtered out.

2.2.3 Kp-index

The K index was introduced in 1939 by Julius Bartels to quantify the intensity of the

disturbances in Earth’s geomagnetic field [6]. It is calculated by a number of observatories

around the world for the eight three-hour periods every day, the first starting at midnight

Coordinated Universal Time (UTC), by comparing the variation of the local horizontal

component of the magnetic field to the observatory-specific scale. The K index is an

integer between 0 and 9. The K indices of various observatories are given weights and

combined to produce the planetary K index, or the Kp index, describing the intensity of

global disturbances. The Kp index is rounded to an accuracy of 1/3, with a plus or a

minus indicating respectively an increase or decrease of 1/3 from the integer value.

The K and Kp indices are logarithmic in nature. To make averaging over multiple

values easier, the linear a and ap indices have been introduced. The conversion table

between Kp and ap indices are shown in table 2.1.
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Table 2.1: Conversion table between Kp and ap values.

Kp value 0 0+ 1- 1 1+ 2- 2 2+ 3- 3 3+ 4- 4 4+

ap value 0 2 3 4 5 6 7 9 12 15 18 22 27 32

Kp value 5- 5 5+ 6- 6 6+ 7- 7 7+ 8- 8 8+ 9- 9

ap value 39 48 56 67 80 94 111 132 154 179 207 236 300 400

The Kp index is used in this study, as it has been found to correlate positively with

the velocity and the proton flux of the solar wind [9]. The historical Kp data is acquired

from the National Oceanic and Atmospheric Administration (NOAA) National Centers

for Environmental Information (NCEI) space weather website [12].

NOAA considers Kp index values lower than 4 to indicate calm geomagnetic activity,

a value of 4 to be moderately disturbed, and values of 5 and above to correspond to a

geomagnetic storm. To investigate the correlation of the Kp index with the hardware

anomalies, the Kp levels at the moment of the anomalies and shortly before them are

studied with the intent of finding out whether high Kp levels lead to increased anomalies.

2.2.4 ACE satellite radiation sensors

NASA’s Advanced Composition Explorer (ACE) satellite was launched in 1997 to the

L1 point between the Sun and the Earth to observe the properties and composition of

the solar wind and matter of the interstellar medium [11]. The satellite includes a large

collection of instruments including isotope and mass spectrometers, charged particle de-

tectors, a charge state analyzer, and a magnetometer. Of interest for this study are the

instruments Electron, Proton, and Alpha-particle Monitor (EPAM); Solar Wind Elec-

tron, Proton and Alpha Monitor (SWEPAM); Solar Isotope Spectrometer (SIS); and

Magnetometer (MAG). A description of the measured variables of these four instruments

is provided in tables 2.2-2.5.

Table 2.2: ACE satellite MAG (Magnetometer) instrument measurement data used in this

study. All directions are in the Geocentric Solar Magnetospheric (GSM) coordinate system,

and values are given in nT.

Variable name No. Description

Bx 1 Interplanetary magnetic field component Bx

By 2 Interplanetary magnetic field component By

Bz 3 Interplanetary magnetic field component Bz

Bt 4 Interplanetary magnetic field component Bt
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Table 2.3: ACE satellite SIS (Solar Isotope Spectrometer) instrument measurement data used

in this study. The unit used is 1

cm2ssr
.

Variable name No. Description

> 10 MeV proton flux 1 Integral proton flux of protons with energy > 10 MeV

> 30 MeV proton flux 2 Integral proton flux of protons with energy > 30 MeV

Table 2.4: ACE satellite EPAM (Electron, Proton, and Alpha Monitor) instrument measure-

ment data used in this study. Electron data is measured by the LEMS30 (Low-Energy Mag-

netic Spectrometer oriented 30◦ from spin axis) telescope, proton data by the LEMS120 (Low-

Energy Magnetic Spectrometer oriented 120◦ from spin axis) and both have units of 1

cm2ssrMeV
.

Anisotropy index has values between 0 and 2.

Variable name No. Description

38-53 electron 1 Energy range 38-53 keV electron differential flux

175-315 electron 2 Energy range 175-315 keV electron differential flux

47-68 proton 3 Energy range 47-68 keV proton differential flux

115-195 proton 4 Energy range 115-195 keV proton differential flux

310-580 proton 5 Energy range 310-580 keV proton differential flux

761-1220 proton 6 Energy range 761-1220 keV proton differential flux

1060-1900 proton 7 Energy range 1060-1900 keV proton differential flux

Index 8 Anisotropy index

As ACE is situated in the L1 point, it is about 1.5 million kilometers from the Earth to

the direction of the Sun. This means that the solar wind detected by ACE takes about 1

to 2 hours to reach the Earth, and the measurements have to be delayed by this amount.

The charged particle levels in the solar wind are interesting, because they can enter the

magnetosphere through the polar cusps, and can thus affect the SMOS satellite especially

in the polar regions. The variables at the times of the anomalies and preceding hours

and days are investigated to find out whether increases in solar wind charged particle

counts lead to increases in hardware anomaly numbers.

The ACE instrument data is provided by the instrument teams and the ACE Science

Center (ASC), and downloaded from the ASC website [3]. The data is available averaged

over various intervals. In this study, the 1-hour averages are used because of their suitable

combination of time resolution and data volume.

2.2.5 POES constellation radiation sensors

Polar Operational Environmental Satellite (POES) is a constellation of low-Earth-orbiting

environment monitor satellites jointly operated by NOAA and the European Organisa-

tion for the Exploitation of Meteorological Satellites (EUMETSAT) [10]. Their tasks



2.2. Data sources 19

Table 2.5: ACE satellite SWEPAM (Solar Wind Electron Proton Alpha Monitor) instrument

measurement data used in this study. Proton density has units of 1/cm3, bulk speed km/s, and

ion temperature K.

Variable name No. in the study Description

Proton density 1 Solar wind proton density

Bulk speed 2 Solar wind bulk speed

Ion temperature 3 Solar wind ion temperature

include weather, earth and water surface and space environment monitoring. The satel-

lites are in sun-synchronous orbits with the equator passes occurring at different local

times depending on the satellite. The number of satellites in the constellation varies as

old satellites are decommissioned and new ones launched. The first satellite was launched

in 1978, and at the time of writing the constellation includes five satellites.

All POES constellation satellites carry a standardized set of measurement equipment for

monitoring the radiation environment. Like with ACE, these include sensors for electrons,

protons, and the magnetic field. Combined with the spatially distributed locations of the

satellites, this gives a good image of the low-Earth orbit radiation environment. The

instruments and their measured variables that are utilized in this study are given in

table 2.6.

Like SMOS, the POES satellites are on polar sun-synchronous orbits. However, the

orbits of POES satellites are 50 to 100 kilometers higher than that of SMOS. Further-

more, no POES satellite is on a dawn-dusk orbit. Thus, the radiation environments of

the POES satellites and SMOS may deviate from each other. In order to make the mea-

surements more compatible, only POES measurements made in the polar regions (over

50◦ Northern or Southern latitude) or in the South-Atlantic anomaly (SAA) (between 0

and 50◦ Southern latitude and 0 and 90◦ Western longitude) are used, as these are the

regions where most of the hardware anomalies occur.

The POES constellation data is available at [13]. The full resolution data has a temporal

resolution of two seconds. This full resolution data is averaged over 30 seconds to reduce

the number of data points for improved processing speed and smaller size on disk, and

to smooth the data.

2.2.6 WSA-Enlil solar wind model

WSA-Enlil is a heliospheric model calculated by NOAA [14] [22]. It combines two solar

wind models, Wang-Sheeley-Arge (WSA), approximating the outflow of solar wind from

the Sun, and Enlil, a magnetohydrodynamic three-dimensional numeric model for solar

wind propagation, and makes use of the measurements of two Sun-observing satellites,

STEREO A and STEREO B. It provides predictions of solar wind density, velocity,

temperature and magnetic field at the location of the Earth up to four days into the
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Table 2.6: POES constellation measurement data used in this study.

Variable name No. Description Unit

mep pro tel0 flux p1 1 MEPED proton flux ∼39 keV 0◦ telescope 1

cm2ssrkeV

mep pro tel0 flux p2 2 MEPED proton flux ∼115keV 0◦ telescope 1

cm2ssrkeV

mep pro tel0 flux p3 3 MEPED proton flux ∼332 keV 0◦ telescope 1

cm2ssrkeV

mep pro tel0 flux p4 4 MEPED proton flux ∼1105 keV 0◦ telescope 1

cm2ssrkeV

mep pro tel0 flux p5 5 MEPED proton flux ∼2723 keV 0◦ telescope 1

cm2ssrkeV

mep pro tel0 flux p6 6 MEPED proton flux ∼6174 keV 0◦ telescope 1

cm2ssrkeV

mep pro tel0 flux p5 err 7 MEPED proton flux percent error ∼2723 keV 0◦ telescope 1

cm2ssrkeV

mep pro tel90 flux p1 8 MEPED proton flux ∼39 keV 90◦ telescope 1

cm2ssrkeV

mep pro tel90 flux p2 9 MEPED proton flux ∼115 keV 90◦ telescope 1

cm2ssrkeV

mep pro tel90 flux p3 10 MEPED proton flux ∼332 keV 90◦ telescope 1

cm2ssrkeV

mep pro tel90 flux p4 11 MEPED proton flux ∼1105 keV 90◦ telescope 1

cm2ssrkeV

mep pro tel90 flux p5 12 MEPED proton flux ∼2723 keV 90◦ telescope 1

cm2ssrkeV

mep pro tel90 flux p6 13 MEPED proton flux ∼6174 keV 90◦ telescope 1

cm2ssrkeV

mep ele tel0 flux e1 14 MEPED electron flux >40 keV 0◦ telescope 1

cm2ssr

mep ele tel0 flux e2 15 MEPED electron flux >130 keV 0◦ telescope 1

cm2ssr

mep ele tel0 flux e3 16 MEPED electron flux >287 keV 0◦ telescope 1

cm2ssr

mep ele tel0 flux e4 17 MEPED electron flux >612 keV 0◦ telescope 1

cm2ssr

mep ele tel0 flux e3 err 18 MEPED electron flux percent error >287 keV 0◦ telescope 1

cm2ssr

mep ele tel90 flux e1 19 MEPED electron flux >40 keV 90◦ telescope 1

cm2ssr

mep ele tel90 flux e2 20 MEPED electron flux >130 keV 90◦ telescope 1

cm2ssr

mep ele tel90 flux e3 21 MEPED electron flux >287 keV 90◦ telescope 1

cm2ssr

mep ele tel90 flux e4 22 MEPED electron flux >6174 keV 90◦ telescope 1

cm2ssr

mep omni flux p1 23 MEPED proton flux >25 MeV omnidirection telescope 1

cm2ssr

mep omni flux p2 24 MEPED proton flux >50 MeV omnidirection telescope 1

cm2ssr

mep omni flux p3 25 MEPED proton flux >100 MeV omnidirection telescope 1

cm2ssr

Btot sat 26 IGRF model | B | at satellite nT

L IGRF 27 L value from IGRF model field 1

ted ele tel0 flux 14 28 TED electron 7980 eV 0◦ telescope 1

cm2ssreV

ted pro tel0 flux 14 29 TED proton 7980 eV 0◦ telescope 1

cm2ssreV

ted pro tel0 hi eflux 30 TED proton (1-20 keV) 0◦ telescope energy flux mW

m2sr

ted ele tel0 hi eflux 31 TED electron (1-20 keV) 0◦ telescope energy flux mW

m2sr

ted pro energy tel0 32 TED proton characteristic energy channel 0◦ telescope ch. no.

ted ele energy tel0 33 TED electron characteristic energy channel 0◦ telescope ch. no.

future. The predicted variables used here are detailed in table 2.7.

WSA-Enlil model offers similar data to the ACE satellite. The advantage with WSA-

Enlil is, that its data is available up to four days in advance, instead of the one to

two hours of the ACE satellite. The disadvantages are, that the data consists merely

of predictions, not actual measurements, and it doesn’t offer as many variables as does

ACE.

Archived WSA-Enlil predictions are available through NOAA NCEI [15]. They are

only available starting from 19th of November 2013. The predictions are studied to find

out whether higher forecast solar wind densities, temperatures, velocities or magnetic
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Table 2.7: WSA-Enlil model solar wind predicted properties used in this study.

Variable name No. Description Unit

Earth Density 1 Plasma density at the position of Earth kg/m3

Earth Temperature 2 Plasma temperature at the position of Earth K

Earth V1 3 Radial velocity at the position of Earth km/s

Earth V2 4 Latitudinal velocity at the position of Earth km/s

Earth V3 5 Longitudinal velocity at the position of Earth km/s

Earth B1 6 Radial magnetic field at the position of Earth T

Earth B2 7 Latitudinal magnetic field at the position of Earth T

Earth B3 8 Longitudinal magnetic field at the position of Earth T

Earth BP Polarity 9 Magnetic field polarity at the position of Earth 1

fields lead to increased occurrence of anomalies.

2.3 Analysis methods

In this section, the methods used to analyse the usefulness of the various data sets in

SMOS hardware anomaly prediction are detailed, along with the reasoning for their

use. These include both graphical methods for qualitative inspection of the behaviour

of variables, and numeric methods for comparing derived numbers of the variables and

their relations with the anomalies. For each of the variables, several methods are used

in an attempt to find out those that comply with the requirements set earlier in section

2.1.

2.3.1 Average value of a variable around anomalies vs long-term

average

The simplest method to investigate whether a variable might have an effect on the ap-

pearance or probability of anomalies is to compare the average value of the variable at

the time of anomalies to the average value it has over a longer period of time, for ex-

ample over the whole SMOS mission duration. This is done for two reasons. Firstly,

if the average at anomalies differs considerably from the long-term average, this might

be used as an indicator for anomalies: any time in the future when the variable values

are found to deviate this much or more from the long-term average, there is a reason

to expect anomalies. Secondly, if the two averages differ, it indicates that the variable

does not behave in the same way around anomalies as it does when no anomalies are

detected, or when anomaly probability is low. Then even if the average value at anoma-

lies doesn’t deviate enough from the long-time average to act as an indicator itself, some

other properties of the variable may prove useful.
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There are variations to the process of calculating the averages. At its simplest, the

average at anomalies may be calculated by taking the value of the variable at the exact

time of each hardware anomaly (in practice, as the closest data point, or as an interpola-

tion of the closest data points to the either side) and averaged. This may be compared to

the average calculated from all data points over a suitable, long timeframe, for example

a year or the whole mission duration. Alternatively, to reduce the effects of randomness

in the data, and to include behaviour from a longer time before the anomaly, the aver-

age at anomalies may be calculated from the data points from a certain time preceding

the anomaly, for example an orbit or 12 hours. Furthermore, with this longer period,

other properties of the variable may be used. These include for example the maximum

or minimum value of the variable over that period, or the difference between maximum

and minimum values. These should be compared to the average of the same property

calculated from periods of the same length in the longer term. Finally, the periods where

the property is computed may be moved in time with respect to the anomalies: for ex-

ample, the average of average variable values 12 to 6 hours preceding anomalies may be

calculated. The start time of this period compared to the anomaly defines the maximum

advance time.

Alone, the average comparison alone is not sufficient, as it doesn’t guarantee either

coverage nor trustworthiness. Calculating coverage comes as a by-product, though. The

property values of each anomaly used to calculate the average at anomalies can be com-

pared to the long-term average to find those that differ sufficiently from it (the detected

anomalies), and the number of these anomalies divided by the total number of anomalies

to yield the coverage rate of the method. Success rate has to be calculated by investigat-

ing how often the property receives these or more extreme values, and comparing to the

number of anomalies detected by this method.

2.3.2 Variable trend around anomalies

This method can be seen as a complement to the previous. In it, average values that a

variable reaches at each point of time around anomalies is calculated and plotted. The

assumption is, that if the variable manifests some trend, it is visible above the random

variations after averaging. The aim is to qualitatively find the trends in the variable,

which can then be used in other methods. For example, if a variable is found to increase

sharply before the moments when anomalies are experienced, similar sharp increases in

the variable may be sought in the data and checked how often anomalies follow. The

distance of this trend from the anomalies tells the advance time.

This assumes that the behaviour of the variable stays largely same over the period

from which the anomalies are picked, and does not for example increase over time. When

necessary, the period can be shortened or moved to ensure similar behaviour.
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2.3.3 Success rate as a function of threshold

To see whether high or low variable values can be used as indicators of coming anomalies,

success rate as a function of a threshold value may be calculated. Here the proportion

of anomalies which are preceded by a period of certain length with an average as large

or larger (smaller) than the threshold is compared to the proportion of all periods of the

same length with an average as large or larger (smaller) than the threshold. When the

proportion of anomalies is higher than the proportion of all periods, more anomalies are

found than with a blind guess. The higher the proportion of anomalies compared to the

proportion of all periods, the higher is the success rate. This tells that when the variable

increases (decreases), the proportion of the number of anomalies to periods increases,

and high (low) values of the variable correlate with the appearance of anomalies.

However, as the threshold is increased (decreased), also smaller is the number of anoma-

lies detected. Out of the different threshold values, the one which gives the maximum

success rate while finding a required number of anomalies may be chosen.

The period length tells the maximum advance time.

2.3.4 Anomalies after variable peaks

Finally, the number of anomalies over a period following large peaks in a variable may be

calculated. The reasoning is, that if the value correlates positively with the occurrence of

anomalies, there should often be one after a large peak. The average number of anomalies

after a peak may be compared to the average number of anomalies on a period of the

same length. If the number after peaks is higher, anomalies often follow the peaks, and

the higher is the number after peaks compared to the average, the higher is the success

rate. The coverage rate may be easily calculated as the number of anomalies following

peaks to the total anomaly count.

As before, the length of the period defines the maximum advance time.





CHAPTER 3

Results

3.1 Anomaly distribution in time

In section 1.3, most of the hardware anomalies were found to occur either above polar

areas or in the South-Atlantic anomaly region. In this section, their temporal distribution

is studied.

Even without any other outside information, some deductions on the properties of

the hardware anomalies can be made from their distribution in time. If the anomalies

occur often together, it is probable that they are caused by the same processes and

environmental conditions. If they repeat in certain intervals, it is probable that they are

caused by some repeating, periodic process. If the anomalies are grouped around certain

dates or periods of time, it is likely the environmental conditions which cause them to

occur are more easily found by investigating those points of time.

The first target of interest is the distribution of hardware anomalies over the mission

duration. The number of anomalies in each calendar month since the launch is plotted

in figure 3.1. As can be seen, the average number of anomalies in a month has decreased

as the mission has progressed. There are some months with considerably higher or lower

numbers of anomalies, but these do not fall on the same months each year. There were

a lot more CMN unlocks in the first few months of the mission than MM latch-ups, but

since approximately March 2010 the rate with which MMLUs have been encountered has

been slightly higher.

Figure 3.2 shows the yearly distribution of anomalies by the calendar month. It is seen

that more anomalies are experienced during the winter months than other times, with

the notable exception of July. The increases are mostly caused by the larger number of

CMNUs on these months. These are also the months with the most SAA anomalies.

Next, the relative temporal distributions of the anomaly types are compared. The

Pearson correlation coefficients, measuring the linear correlation between the variables,

is calculated for the dates of occurrence of CMN unlocks and MM latch-ups. This is done

by dividing the mission length to intervals of a certain length, summing up the numbers

25
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Figure 3.1: The number of hardware anomalies in each calendar month since launch, and the

cumulative numbers of the two types of anomalies. January each year is shown in red, with the

consecutive months until December in progressively yellower hues.

of the two anomaly types in the intervals, and calculating the correlation coefficient. The

results are given in table 3.1. The same is done for polar and SAA anomalies in table

3.2.

The correlation coefficients are all very low. This implies that the occurrence of one

type of anomaly does not usually lead to the occurrence of anomalies of the other type,

and thus it looks probable that the two types of anomalies are caused by different envi-

ronmental conditions.

Finally, the waiting times between anomalies are investigated. It is well known that the

distances between random points forming a Poisson process adhere to the exponential

distribution. The defining characteristics of the Poisson process are, that its points are

statistically independent of each other, and that their locations follow a Poisson distri-

bution. The one-dimensional Poisson distribution Pois(λ) is defined by one parameter,

the density parameter λ, the average number of points in an interval of unit length.
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Figure 3.2: The distribution of hardware anomalies by type each calendar month. Other refers

to anomalies that are experienced outside of the polar or South-Atlantic anomaly regions.

Table 3.1: Pearson correlation coefficients for the numbers of occurrence of CMN unlocks and

MM latch-ups with different interval lengths.

Interval length (days) Pearson correlation coefficient

3 -0.017

5 -0.047

10 -0.068

20 -0.14

40 0.0015

The probability of observing k points in an interval, when the points follow a Poisson

distribution with parameter λ, is

P (k) =
λke−λ

k!
, (3.1)
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Table 3.2: Pearson correlation coefficients for the numbers of occurrence of polar and SAA

anomalies with different interval lengths.

Interval length (days) Pearson correlation coefficient

3 0.00052

5 -0.068

10 -0.021

20 0.0055

40 0.22

where e is the base of natural logarithm. The probability density function of the expo-

nential distribution Exp(κ) with parameter κ is

f(x) = κe−κx. (3.2)

The distances between points following a Poisson distribution Pois(λ) follows the expo-

nential distribution Exp(1/λ). This means that if we assume that the occurrence times

of hardware anomalies follows a Poisson distribution, with the density parameter λ as the

average number of anomalies in a day, the waiting times between anomalies follows an

exponential distribution with the parameter 1/λ, the average time between two anoma-

lies. As there have been 244 anomalies up to 1st of March 2016, the average number

of anomalies per day is λ = 0.106. Figure 3.3 shows the probability density function of

exponential distribution Exp(1/λ), and the observed proportion of waiting times in 20

bins equally spaced between 0 and the longest time between neighbouring anomalies.

It is evident that the actually observed waiting-time distribution follows closely the

exponential distribution. A chi-squared goodness-of-fit test [18] with the null hypothesis

that the waiting-time distribution follows an exponential distribution gives a p-value

of 0.89, confirming the observation. This suggests that the times when anomalies are

experienced follows a Poisson distribution. This in turn means that the time when any

of the anomalies occur is completely independent of the times of the other anomalies

and that the anomalies occur at a constant rate of 0.106 anomalies per day. There

are two possible explanations for this. Either the environmental conditions that cause

the anomalies to occur stay constant for the duration of the whole mission, or that the

conditions occur at times governed by the Poisson distribution Pois(λ) and are so short-

lived or have such a low chance of causing anomalies that they very rarely cause two

anomalies before changing.
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Figure 3.3: The distribution of the times between anomalies (waiting times). The line represents

the probability density function of an exponential distribution with the density parameter 1/λ

= 9.47 days/anomaly.

3.2 RAM errors

There have been a total of 581 errors in the on-board MIRAS RAM module since the

start of the SMOS mission until 1st of March 2016, for an average of 0.251 errors per day.

To determine whether the RAM errors have any bearing on the occurrence of anomalies,

both the numbers of errors preceding anomalies, and the numbers of anomalies following

errors are calculated. The results are presented in tables 3.3 and 3.4. The expected values

are calculated from the assumption that both RAM errors and hardware anomalies occur

randomly and independently of each other. Thus, for example, over a period of 24 hours

following an anomaly, approximately 0.25 RAM errors are expected.

The relative size of the values in the last two columns in the tables is related to the

success rate of the prediction based on RAM errors. If the counted anomaly or error

number in a period is considerably higher (or lower) than the expected assuming they



30 Results

Table 3.3: The numbers of RAM errors in periods of different lengths preceding hardware anoma-

lies, and the expected number of errors in a period assuming that the errors occur randomly and

independently of hardware anomalies and other errors.

Period
Anomaly type RAM errors Errors/period

Expected

length (h) errors/period

6

CMN unlock 8 0.07 0.063

MM latch-up 8 0.062 0.063

Polar 6 0.075 0.063

SAA 7 0.049 0.063

All 16 0.066 0.063

12

CMN unlock 18 0.16 0.13

MM latch-up 16 0.12 0.13

Polar 10 0.12 0.13

SAA 21 0.15 0.13

All 34 0.14 0.13

24

CMN unlock 28 0.24 0.25

MM latch-up 34 0.26 0.25

Polar 23 0.29 0.25

SAA 35 0.24 0.25

All 62 0.25 0.25

48

CMN unlock 62 0.54 0.50

MM latch-up 66 0.51 0.50

Polar 48 0.60 0.50

SAA 74 0.51 0.50

All 128 0.52 0.50

72

CMN unlock 85 0.74 0.75

MM latch-up 100 0.78 0.75

Polar 71 0.89 0.75

SAA 104 0.72 0.75

All 185 0.76 0.75

are independent of each other, the RAM errors and hardware anomalies occur at around

the same time and if we count a certain number of RAM errors, the following period has

a higher probability of containing an error than a period of same length chosen randomly.

Out of the values in the tables, only the number of MM latch-ups in the 6 hours

following RAM errors, the number of anomalies in the SAA region in the 6 hours following

RAM errors, and the number of anomalies in the polar regions between 12 and 24, and 24

and 48 hours after RAM errors deviate significantly from the expected. For each of these,

the maximum number of anomalies in a period is one, so the success rates are directly

found by dividing the numbers in the third column in the table 3.4 by the number of
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Table 3.4: The number of hardware anomalies in periods of different length following RAM

errors. The expected number of anomalies is calculated assuming that the anomalies follow a

Poisson distribution and occur independently of RAM errors.

Period
Anomaly type Anomalies Anomalies/period

Expected

length (h) anomalies/period

6

CMN unlock 6 0.01 0.012

MM latch-up 15 0.026 0.014

Polar 5 0.0086 0.0087

SAA 16 0.028 0.016

All 21 0.036 0.026

12

CMN unlock 17 0.029 0.025

MM latch-up 19 0.033 0.028

Polar 16 0.028 0.017

SAA 20 0.034 0.031

All 36 0.062 0.053

24

CMN unlock 30 0.052 0.05

MM latch-up 40 0.069 0.056

Polar 32 0.055 0.035

SAA 38 0.065 0.062

All 70 0.12 0.11

48

CMN unlock 50 0.086 0.10

MM latch-up 84 0.14 0.11

Polar 50 0.086 0.069

SAA 78 0.13 0.12

All 134 0.23 0.21

72

CMN unlock 77 0.13 0.15

MM latch-up 112 0.19 0.17

Polar 67 0.12 0.10

SAA 111 0.19 0.19

All 189 0.33 0.32

periods, 581. Thus, the success rates are 2.6 %, 2.8 %, 2.8 % and 5.5 % respectively.

These are too low to be of use by themselves. However, comparing the values in the last

two columns, it seems like the same conditions that cause RAM errors to occur nearly

double the probability of encountering a MM latch-up anomaly or an anomaly over the

SAA region in the six hours following the error. Because both the hardware anomalies

and the RAM errors are caused by radiation impacting on the satellite, and the increased

polar anomaly count after RAM errors only occurs more than 12 hours later, this increase

is considered a statistical anomaly.
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3.3 MM single-bit errors

The MIRAS mass memory consists of 12 partitions, numbered from 0 to 11. The errors

occurring in each of the partitions are logged separately. In total, there have been

approximately 34000 errors in the partitions up to 1st of March 2016 for an average

of 14.8 errors per day. The table 3.5 shows the average number of errors in each partition

in the 24 hours preceding hardware anomalies, when single scrubbing runs with more

than 10 errors considered anomalous and excluded.

Table 3.5: The number of mass memory single-bit errors in periods of 24 hours preceding hard-

ware anomalies, and the average number of errors in a period of the same length, by partition.

Partition
Average during 24 h 24 h

preceding anomalies average

0 0.13 0.21

1 0.34 0.38

2 0.20 0.097

3 2.11 2.01

4 0.45 0.48

5 6.59 7.53

6 0.074 0.069

7 0.59 0.30

8 0.086 0.15

9 0.14 0.064

10 2.35 2.28

11 0.041 0.034

Errors in partitions 2, 7 and 9, and to a lesser extend 11, seem to correlate the most

with the hardware anomalies. Using the sum of the error numbers of these partitions as

the parameter, 1.03 errors are detected on average in the 24 hours preceding anomalies,

compared to the average of 0.53 errors in a 24-hour period. There are 380 periods with

an average of over 0.67 errors/h over 24 hours, with an anomaly detected on 35 % of the

occasions in the following 48 hours, or 430 periods with an average of over 0.67 errors/h

with the same chance of encountering an anomaly. Using the number of errors in these

partitions in a space of time as the indicator, the results on table 3.6 are obtained. It

shows how many anomalies have the threshold value of MM errors in the period of given

length preceding the anomaly. For the calculation of the success rates, the numbers

of detected anomalies are divided by the number of periods of the given length there

are over the duration of the mission which contain the threshold number of errors. The

expected success rates are again calculated from the assumption that the anomalies occur
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at random times.

Table 3.6: The number of anomalies with a period where a number of MM single-bit errors in

partitions 2, 7, 9 and 11 equals or exceeds the threshold value, with the corresponding success

rates of anomaly detection.

Period
Threshold

Anomaly type Anomalies Success Expected

length (h) detected rate, % success rate, %

12 2

CMN unlock 10 6.6 2.5

MM latch-up 8 5.3 2.8

Polar 3 2.0 1.7

SAA 13 8.6 3.1

All 18 11.9 5.3

24 4

CMN unlock 9 10.4 5.0

MM latch-up 10 11.6 5.6

Polar 4 4.6 3.5

SAA 11 12.8 6.2

All 19 22.0 10.6

48 6

CMN unlock 9 13.5 10.0

MM latch-up 10 15.0 11.2

Polar 5 7.5 6.9

SAA 10 15.0 12.5

All 19 28.5 21.1

Though the number of detected errors in each case remains very low compared to the to-

tal number of anomalies, 244, the success rates with the first two period length-threshold

combinations are very good. This gives reason to believe that the same environmental

conditions that cause error to occur in these mass-memory partitions also cause hardware

anomalies in the MIRAS instrument, or increase their probability.

3.4 MM double-bit errors

The number of mass memory double-bit errors logged in the housekeeping database is

too low to allow for statistical analyses. For example, during the year 2014, there were

only three double-bit errors.
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3.5 Kp index

To investigate the possible connection between the disturbances in the geomagnetic field

and the occurrence times of hardware anomalies, the average ap value in periods of

varying lengths before anomalies is calculated. The linear ap value is used, as it is easier

to average than the logarithmic Kp value. The results are shown in table 3.7.

Table 3.7: Average ap index in periods of different lengths before anomalies. The average over

the whole mission is 8.56.

Period All
CMNUs MMLUs

Polar SAA

length (h) anomalies anomalies anomalies

3 7.54 6.88 8.02 5.89 8.28

12 7.57 6.30 8.48 5.68 8.52

24 8.24 7.25 8.98 6.76 8.69

48 7.86 7.11 8.47 7.49 7.72

The ap index preceding CMNUs and polar anomalies is smaller than average, especially

with 12 h period length. However, this is of little use in anomaly prediction, as 49.8 %

of 12-hour periods over the mission duration have an ap average smaller than 5 and 57.9

% smaller than 6, and thus the success rate with these predictions is unacceptably low.

The other values do not differ significantly from the average.

To see whether extreme disturbances, that may be so rare that they are not well visible

in averages, affect anomalies, the average number of anomalies in the following 48 hours

of the occurrence of each Kp value is calculated, and collected to figure 3.4. The average

number of anomalies translates directly to success rate and may be compared to the

average number of anomalies in a randomly chosen 48-hour period, 0.211.

Only the average anomaly numbers after the very highest index values of 154 (Kp index

of 7+) or higher differ significantly from the average. However, the number of times

such high values are reached, 13, over the duration of the mission makes the numbers

unreliable. Notable is, however, that the very smallest ap values are followed with the

expected number of anomalies. Even with a twelve-hour average of 2 or less, the expected

number of anomalies follows (0.25 anomalies).

Finally, to investigate trends in the Kp index around anomalies, the average ap values

of the 10 days surrounding hardware anomalies are plotted. These are shown in figures

3.5-3.9. With the possible exception of polar anomalies, any possible trends are buried

under random variations.
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Figure 3.4: The average number of anomalies in the 48 hours following each ap value. The

average number translates directly to success rate and can be compared to the average number

of anomalies in a randomly chosen 48-hour period, 0.211 &.

Figure 3.5: The average ap index on the 10 days surrounding anomalies.

3.6 ACE measurements

First, correlation coefficients between variables measured by the ACE satellite’s instru-

ments are calculated. These are shown in table 3.8. It is seen that all MAG variables
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Figure 3.6: The average ap index on the 10 days surrounding CMN unlocks.

Figure 3.7: The average ap index on the 10 days surrounding mass memory latch-ups.

correlate strongly with each other; as do the SIS variables; EPAM variables 2, 5, 6 and

7; and SWEPAM variables 1 and 2. As the variables that correlate strongly with each

other have very similar behaviour over time, we can choose just one of them to represent

the whole group.
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Figure 3.8: The average ap index on the 10 days surrounding polar anomalies.

Figure 3.9: The average ap index on the 10 days surrounding SAA anomalies.
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Table 3.8: Pearson correlation coefficients between ACE satellite measurements over the duration of the mission.

mag1 mag2 mag3 mag4 sis1 sis2 epam1 epam2 epam3 epam4 epam5 epam6 epam7 epam8 swepam1 swepam2 swepam3

mag1 1.00 1.00 1.00 1.00 0.63 0.63 0.079 0.57 0.09 0.11 0.53 0.59 0.60 0.097 0.42 0.42 0.15

mag2 1.00 1.00 1.00 1.00 0.63 0.63 0.079 0.57 0.09 0.11 0.53 0.59 0.60 0.094 0.42 0.42 0.15

mag3 1.00 1.00 1.00 1.00 0.63 0.63 0.08 0.57 0.091 0.11 0.53 0.59 0.60 0.096 0.42 0.42 0.15

mag4 1.00 1.00 1.00 1.00 0.63 0.63 0.081 0.57 0.091 0.11 0.53 0.59 0.60 0.093 0.42 0.42 0.16

sis1 0.63 0.63 0.63 0.63 1.00 1.00 0.12 0.67 0.11 0.13 0.63 0.71 0.71 0.06 0.60 0.60 0.22

sis2 0.63 0.63 0.63 0.63 1.00 1.00 0.10 0.67 0.11 0.13 0.63 0.71 0.71 0.06 0.60 0.60 0.22

epam1 0.079 0.079 0.08 0.081 0.12 0.10 1.00 0.39 0.16 0.062 0.18 0.17 0.15 -0.03 0.058 0.056 0.047

epam2 0.57 0.57 0.57 0.57 0.67 0.67 0.39 1.00 0.18 0.23 0.86 0.93 0.93 0.07 0.44 0.44 0.18

epam3 0.09 0.09 0.091 0.091 0.11 0.11 0.16 0.18 1.00 0.052 0.17 0.16 0.16 -0.0035 0.07 0.07 0.078

epam4 0.11 0.11 0.11 0.11 0.13 0.13 0.062 0.23 0.052 1.00 0.43 0.19 0.18 0.0055 0.083 0.083 0.058

epam5 0.53 0.53 0.53 0.53 0.63 0.63 0.18 0.86 0.17 0.43 1.00 0.90 0.90 0.074 0.42 0.42 0.18

epam6 0.59 0.59 0.59 0.59 0.71 0.71 0.17 0.93 0.16 0.19 0.90 1.00 0.99 0.084 0.47 0.47 0.19

epam7 0.60 0.60 0.60 0.60 0.71 0.71 0.15 0.93 0.16 0.18 0.90 0.99 1.00 0.086 0.47 0.47 0.19

epam8 0.097 0.094 0.096 0.093 0.06 0.06 -0.03 0.07 -0.0035 0.0055 0.074 0.084 0.086 1.00 0.10 0.10 0.02

swepam1 0.42 0.42 0.42 0.42 0.60 0.60 0.058 0.44 0.07 0.083 0.42 0.47 0.47 0.10 1.00 1.00 0.37

swepam2 0.42 0.42 0.42 0.42 0.60 0.60 0.056 0.44 0.07 0.083 0.42 0.47 0.47 0.10 1.00 1.00 0.40

swepam3 0.15 0.15 0.15 0.16 0.22 0.22 0.047 0.18 0.078 0.058 0.18 0.19 0.19 0.02 0.37 0.40 1.00
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Table 3.9 shows the average value of the remaining variables in the 12 hours before

anomalies, by anomaly type. The analysis of ACE data is complicated by the extreme

dynamic range of the variables – many variables reach values up to over a thousand

times the average value of the variable. While constructing the table, the rare, most

extreme values of over 100 times the average have been removed to make averaging more

representative of the values obtained. The numbers in the table are relative to the average

of the remaining values of the parameter. The travel time of solar wind from the satellite

to the Earth has been taken into account by delaying the ACE measurements by one

hour.

Table 3.9: Average ACE variable values in a 12-hour period preceding hardware anomalies,

divided by the average. When calculating both, the values over 100 times the average of all

values of the variable have been removed.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

mag4 0.83 0.76 0.89 0.75 0.87

sis2 0.99 0.90 1.08 0.98 0.91

epam1 0.78 0.54 0.99 0.58 0.88

epam3 0.99 0.78 1.18 0.76 1.06

epam6 0.86 0.47 1.2 0.53 0.90

epam8 0.95 0.86 1.04 0.93 0.94

swepam1 0.88 0.85 0.91 0.76 0.92

swepam2 1.00 0.99 1.00 1.01 0.99

swepam3 1.02 1.00 1.04 0.99 1.02

None of the values in the above table is significantly higher than the average, but

a few are smaller. To find out whether there exist values above or below which more

anomalies than expected by a random guess are found, the success rates for a number

of thresholds are calculated, and the best success rates collected to tables 3.10 and 3.11.

Only thresholds with which at least 10 % of the anomalies of the corresponding type are

found are accepted. However, as can be seen, the only ACE data averages which lead to

even double the success rate of a random guess are achieved with the variable MAG 4

for the case of CMN unlocks and polar anomalies.

To study if the extreme values (peaks) that have been omitted in the previous table are

statistically connected with the appearance of anomalies, the average number of anoma-

lies in 12-hour periods following the values exceeding 100 times the average are calculated,

and presented in table 3.12 along with the expected numbers assuming anomalies occur

independently of the peaks. The variables MAG 4, EPAM 8, SWEPAM 1, SWEPAM 2

and SWEPAM 3 have no peaks of this height, and variables EPAM 1 only 136 and SIS
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Table 3.10: The best success rates (in %) achieved with ACE variable averages over a 12-hour

period. The success rate is calculated as the ratio of the number of 12-hour periods with an

average value of more than a threshold and containing an anomaly, to the number of all periods

with an average of more than the threshold. Only thresholds with which at least 10 % anomalies

are detected are included.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

mag4 5.6 2.6 3.1 2.2 3.4

sis2 7.4 5.2 3.3 2.5 4.7

epam1 5.2 2.5 3.0 1.7 3.2

epam3 5.4 2.5 3.4 1.7 3.3

epam6 5.3 2.5 3.1 1.7 3.2

epam8 5.4 2.6 4.0 1.8 3.2

swepam1 5.4 2.6 2.9 1.8 3.3

swepam2 5.9 2.8 3.4 2.3 3.3

swepam3 5.7 2.8 3.4 2.0 3.7

expected 5.3 2.5 2.8 1.7 3.1

Table 3.11: The best success rates (in %) achieved with ACE variable averages over a 12-hour

period. The success rate is calculated as the ratio of the number of 12-hour periods with an

average value of less than a threshold and containing an anomaly, to the number of all periods

with an average of less than the threshold. Only thresholds with which at least 10 % anomalies

are detected are included.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

mag4 7.2 5.6 3.5 3.7 4.3

sis2 5.4 2.7 2.9 1.8 3.3

epam1 6.3 3.3 3.3 2.4 3.6

epam3 6.0 3.3 3.0 2.6 3.6

epam6 6.3 3.5 3.0 2.4 3.9

epam8 6.5 2.9 5.2 2.2 4.2

swepam1 6.0 2.9 3.4 2.8 3.6

swepam2 6.2 3.1 3.3 2.4 3.8

swepam3 5.9 2.6 4.3 1.9 5.0

expected 5.3 2.5 2.8 1.7 3.1

2 only 93, none of which is followed by anomalies. It is clear to see the appearance of

peaks is not connected to the occurrence of anomalies.
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Table 3.12: Average number of anomalies of different types in the 12-hour periods following

ACE variable peaks of over 100 times the average value. The expected numbers are calculated

assuming the anomalies occur randomly and independently of each other or ACE variable peaks.

Variable
Anomaly Average Expected

type anomalies/period anomalies/period

epam3

CMNUs 0.0 0.1

MMLUs 0.16 0.11

Polar 0.0 0.069

SAA 0.16 0.12

All 0.16 0.21

epam6

CMNUs 0.0 0.1

MMLUs 0.056 0.11

Polar 0.0 0.069

SAA 0.056 0.12

All 0.056 0.21

3.7 POES measurements

Since the POES satellites are on low-Earth Sun-synchronous orbits like the SMOS satel-

lite, the measurements of the constellation are divided into two categories by their geo-

graphical location in an effort to increase comparability with the anomalies experienced

in the two most affected regions.

3.7.1 Polar regions

Polar regions include POES measurements made in both North and South polar regions,

above 50◦ Northern and Southern geographic latitude. The SMOS satellite and POES

constellation satellites enter both Northern and Southern polar regions once per orbit.

As with the ACE data, first the correlations between POES MEPED and TED instru-

ment measurements in polar regions are calculated. These are shown in tables 3.13 and

3.14.



4
2

R
e
s
u
l
t
s

Table 3.13: Pearson correlation coefficients for the variables measured by the MEPED instrument in the polar regions (above 50◦

Northern and Southern latitude).

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

1 1.0 0.69 0.33 0.061 0.018 0.023 0.062 0.93 0.61 0.3 0.065 0.0047 -0.015 0.071 0.069 0.02 0.023 0.052 0.089 0.03 -0.004 -0.016 0.0015 0.0021 0.0011

2 0.69 1.0 0.57 0.076 0.017 0.018 0.061 0.67 0.91 0.52 0.081 0.0046 -0.0024 0.079 0.079 0.021 0.018 0.029 0.1 0.052 0.014 -0.0028 0.001 0.0013 0.00083

3 0.33 0.57 1.0 0.37 0.16 0.068 0.25 0.34 0.52 0.76 0.42 0.048 0.0046 0.059 0.11 0.067 0.018 -0.017 0.071 0.049 0.029 -0.0013 0.012 0.0093 0.0055

4 0.061 0.076 0.37 1.0 0.48 0.21 0.44 0.06 0.068 0.36 0.76 0.12 0.0042 0.0097 0.074 0.098 0.033 -0.058 -0.003 -0.01 0.012 -0.016 0.033 0.018 0.011

5 0.018 0.017 0.16 0.48 1.0 0.3 0.34 0.017 0.024 0.16 0.49 0.11 0.29 0.0031 0.041 0.056 0.047 -0.042 -0.0047 -0.0099 0.0035 0.063 0.059 0.03 0.011

6 0.023 0.018 0.068 0.21 0.3 1.0 0.31 0.025 0.029 0.11 0.23 0.1 0.23 0.0063 0.039 0.035 0.8 0.0052 0.024 0.078 0.13 0.2 0.16 0.11 0.032

7 0.062 0.061 0.25 0.44 0.34 0.31 1.0 0.061 0.051 0.23 0.53 0.1 -0.0043 0.011 0.058 0.07 0.15 0.032 -0.014 -0.046 -0.028 -0.028 0.09 0.07 0.033

8 0.93 0.67 0.34 0.06 0.017 0.025 0.061 1.0 0.69 0.35 0.068 0.0045 0.0024 0.093 0.078 0.02 0.026 0.06 0.14 0.08 0.027 0.0023 0.0017 0.0024 0.0013

9 0.61 0.91 0.52 0.068 0.024 0.029 0.051 0.69 1.0 0.59 0.08 0.004 0.071 0.095 0.087 0.019 0.033 0.042 0.16 0.14 0.095 0.077 0.00095 0.0014 0.00083

10 0.3 0.52 0.76 0.36 0.16 0.11 0.23 0.35 0.59 1.0 0.45 0.048 0.19 0.068 0.12 0.064 0.069 0.0086 0.15 0.22 0.22 0.19 0.012 0.009 0.0054

11 0.065 0.081 0.42 0.76 0.49 0.23 0.53 0.068 0.08 0.45 1.0 0.15 0.011 0.011 0.086 0.12 0.014 -0.073 0.0016 -0.003 0.018 -0.014 0.04 0.022 0.012

12 0.0047 0.0046 0.048 0.12 0.11 0.1 0.1 0.0045 0.004 0.048 0.15 1.0 0.028 0.00088 0.013 0.017 0.022 -0.012 -0.0018 -0.0031 0.00078 -0.0029 0.019 0.0097 0.0036

13 -0.015 -0.0024 0.0046 0.0042 0.29 0.23 -0.0043 0.0024 0.071 0.19 0.011 0.028 1.0 0.005 0.013 0.0037 0.23 0.12 0.14 0.43 0.63 0.94 0.016 0.012 0.004

14 0.071 0.079 0.059 0.0097 0.0031 0.0063 0.011 0.093 0.095 0.068 0.011 0.00088 0.005 1.0 0.57 0.056 0.0059 0.028 0.81 0.26 0.055 0.0051 0.001 0.0012 0.00044

15 0.069 0.079 0.11 0.074 0.041 0.039 0.058 0.078 0.087 0.12 0.086 0.013 0.013 0.57 1.0 0.19 0.019 0.0078 0.48 0.34 0.075 0.011 0.0084 0.0063 0.0023

16 0.02 0.021 0.067 0.098 0.056 0.035 0.07 0.02 0.019 0.064 0.12 0.017 0.0037 0.056 0.19 1.0 0.01 -0.0068 0.034 0.022 0.017 0.0008 0.007 0.0049 0.0022

17 0.023 0.018 0.018 0.033 0.047 0.8 0.15 0.026 0.033 0.069 0.014 0.022 0.23 0.0059 0.019 0.01 1.0 0.04 0.033 0.097 0.15 0.24 0.093 0.09 0.027

18 0.052 0.029 -0.017 -0.058 -0.042 0.0052 0.032 0.06 0.042 0.0086 -0.073 -0.012 0.12 0.028 0.0078 -0.0068 0.04 1.0 0.055 0.086 0.12 0.12 -0.0065 -0.0026 0.0022

19 0.089 0.1 0.071 -0.003 -0.0047 0.024 -0.014 0.14 0.16 0.15 0.0016 -0.0018 0.14 0.81 0.48 0.034 0.033 0.055 1.0 0.62 0.28 0.14 -0.00038 0.0007 0.00012

20 0.03 0.052 0.049 -0.01 -0.0099 0.078 -0.046 0.08 0.14 0.22 -0.003 -0.0031 0.43 0.26 0.34 0.022 0.097 0.086 0.62 1.0 0.73 0.45 -0.0013 -0.00056 -0.00066

21 -0.004 0.014 0.029 0.012 0.0035 0.13 -0.028 0.027 0.095 0.22 0.018 0.00078 0.63 0.055 0.075 0.017 0.15 0.12 0.28 0.73 1.0 0.66 0.073 0.074 0.076

22 -0.016 -0.0028 -0.0013 -0.016 0.063 0.2 -0.028 0.0023 0.077 0.19 -0.014 -0.0029 0.94 0.0051 0.011 0.0008 0.24 0.12 0.14 0.45 0.66 1.0 0.0065 0.008 0.003

23 0.0015 0.001 0.012 0.033 0.059 0.16 0.09 0.0017 0.00095 0.012 0.04 0.019 0.016 0.001 0.0084 0.007 0.093 -0.0065 -0.00038 -0.0013 0.073 0.0065 1.0 0.99 0.98

24 0.0021 0.0013 0.0093 0.018 0.03 0.11 0.07 0.0024 0.0014 0.009 0.022 0.0097 0.012 0.0012 0.0063 0.0049 0.09 -0.0026 0.0007 -0.00056 0.074 0.008 0.99 1.0 0.98

25 0.0011 0.00083 0.0055 0.011 0.011 0.032 0.033 0.0013 0.00083 0.0054 0.012 0.0036 0.004 0.00044 0.0023 0.0022 0.027 0.0022 0.00012 -0.00066 0.076 0.003 0.98 0.98 1.0
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Table 3.14: Pearson correlation coefficients for the variables measured by the TED instrument

in the polar regions (above 50◦ Northern and Southern latitude).

28 29 30 31 32 33

28 1.0 0.13 0.21 0.16 0.034 -0.056

29 0.13 1.0 -0.018 0.12 0.11 0.007

30 0.21 -0.018 1.0 0.51 0.006 -0.16

31 0.16 0.12 0.51 1.0 -0.017 -0.17

32 0.034 0.11 0.006 -0.017 1.0 0.34

33 -0.056 0.007 -0.16 -0.17 0.34 1.0

The MEPED variables that correlate strongly (Pearson correlation coefficients of at

least 0.7) are: 1, 2 and 8; 2 and 9; 3 and 10; 4 and 11; 6 and 17; 8 and 9; 13 and 22; 14

and 19; 20 and 22; and 23, 24 and 25. Thus, one of each group of strongly correlating

variables can be chosen to represent the whole group. On the contrary, there are no TED

instrument variables that correlate strongly with each other.

The averages of the chosen POES variables in 12-hour periods prior to anomalies are

shown in table 3.15. Only polar anomalies are included, and values larger than 10 times

the average over the duration of the mission are omitted. To reduce the effect of the

fact that the satellites pass through the polar region at different local times and the

whole pass may not be included in the period, each 12-hour period is represented by the

maximum value measured by any satellite in the polar region in that period. Also, values

higher than 10 times the average value over the duration of the mission are omitted to

reduce the effect of these strong but rare events.

The averages in the table reach some high values. To see whether these might be used

in anomaly prediction, the best success rates achieved while finding at least 10 % of the

anomalies are shown in table 3.16. Unfortunately, the success rates remain low with a

few exceptions of the polar CMNUs and MMLUs, of which only 4 are found.

Finally, the effect of peaks in the data is quantified. The average number of anomalies

in 12-hour periods following peaks of over 10 times the variable average are calculated and

presented in table 3.17. Variables 30-33 didn’t have any peaks of this size. The average

number of anomalies remains below the expected and thus do not seem connected to

occurrence of anomalies.

3.7.2 SAA regions

SAA regions include POES measurements made between 0◦, above 50◦ Southern latitude

and 0◦ and 90◦ Western longitude. Because none of the satellites passes through the region

in every orbit, this time a 24 hour period is used to give each satellite an opportunity

to pass close to the center of the SAA. Again, the highest value measured by any of the
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Table 3.15: The average of maximums of POES variable values from the 12-hour periods pre-

ceding anomalies, from polar measurements and only includes anomalies occurring in the polar

region. Values are relative to the average of maximums in all 12-hour periods.

Variable
All polar Polar Polar

anomalies CMNUs MMLUs

2 1.07 0.93 1.21

3 1.26 0.33 2.19

4 0.72 0.71 0.74

5 1.38 1.29 1.47

6 0.84 0.66 1.02

7 1.03 1.02 1.03

12 1.28 1.34 1.22

14 1.07 1.06 1.08

15 1.18 1.16 1.2

16 1.35 1.28 1.42

18 1.12 1.12 1.13

21 1.29 1.34 1.23

22 0.94 1.04 0.84

24 0.99 0.95 1.03

26 0.99 0.998 0.99

27 0.97 0.94 0.99

28 0.996 0.98 1.01

29 0.96 0.93 0.98

30 1.0 1.0 0.999

31 1.0 1.0 1.0

32 1.0 0.999 1.0

33 1.0 1.0 1.01

POES satellites during the period is chosen instead of the average of the measurements

during the period, since it is expected that the radiation fluxes will be higher close to

the center of the SAA and it would only degrade the average to include measurements

from far away the center.

As before, first the correlations between POES MEPED and TED instrument mea-

surements in the SAA region are calculated. These are shown in tables 3.18 and 3.19.

MEPED variables that correlate strongly with each other are: 1, 3, 10, 12, 23, 24 and 25;

2 and 5; 6 and 17; 8 and 9; 14, 15 and 16; and 19 and 20. TED variables that correlate

strongly are: 28 and 29; and 30 and 31.
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Table 3.16: The best success rates (in %) achieved with POES variable maximums over a 12-

hour period. The success rate is calculated as the ratio of the number of 12-hour periods with

a maximum value of more than a threshold and containing an anomaly, to the number of all

periods with a maximum of more than the threshold. Only thresholds with which at least 10 %

anomalies are detected are included.

Variable
All polar Polar CMNU Polar MMLU

anomalies anomalies anomalies

2 2.5 0.71 0.79

3 2.1 0.58 0.52

4 1.8 0.58 0.43

5 2.0 0.88 0.33

6 1.8 0.58 0.48

7 2.1 0.89 0.37

14 2.0 1.5 0.84

15 2.2 1.3 0.94

16 3.6 1.1 2.0

18 2.0 1.1 1.1

21 2.0 1.1 1.1

22 3.1 1.6 1.6

24 2.2 1.3 0.81

26 2.2 1.2 1.5

27 2.5 1.4 1.5

28 3.2 2.3 1.1

29 3.1 1.0 2.3

30 1.9 1.1 0.81

31 1.8 1.0 0.77

32 1.7 1.0 0.74

33 1.8 1.1 1.1

expected 1.7 0.86 0.86
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Table 3.17: Average number of anomalies of different types in the 12-hour periods following

POES variable peaks of over 10 times the average value in the polar regions. The expected

numbers are calculated assuming the anomalies occur randomly and independently of each other

or POES variable peaks. Only anomalies occurring in the polar regions are considered.

Variable
All polar Polar CMNU Polar MMLU

anomalies/period anomalies/period anomalies/period

2 0.01 0.00037 0.0099

3 0.00026 0.0 0.00026

4 0.0 0.0 0.0

5 0.0 0.0 0.0

6 6.7e-05 0.0 6.7e-05

7 0.024 0.0041 0.02

12 0.008 0.0079 4.2e-05

14 0.018 0.002 0.016

15 0.0028 0.00027 0.0026

16 0.0 0.0 0.0

18 0.031 0.0024 0.029

21 0.008 0.008 6.1e-05

22 0.0 0.0 0.0

24 0.00053 0.00026 0.00026

26 0.01 0.0048 0.0056

27 0.011 0.0044 0.0068

28 0.011 0.0043 0.0068

29 0.011 0.003 0.0084

expected 0.035 0.017 0.017
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Table 3.18: Pearson correlation coefficients for the variables measured by the MEPED instrument in the SAA region.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

1 1.0 0.16 0.68 0.36 0.01 0.65 0.51 0.18 0.32 0.85 0.24 0.73 0.28 0.47 0.48 0.6 0.11 -0.47 -0.14 -0.094 0.45 -0.18 0.45 0.81 0.85

2 0.16 1.0 0.12 0.062 0.82 0.11 0.086 0.028 0.055 0.15 0.041 0.12 0.047 0.078 0.081 0.1 0.018 -0.08 -0.023 -0.015 0.078 -0.032 0.082 0.14 0.15

3 0.68 0.12 1.0 0.33 0.0098 0.48 0.43 0.14 0.28 0.75 0.2 0.6 0.28 0.21 0.22 0.33 0.038 -0.38 -0.11 -0.066 0.41 -0.11 0.38 0.7 0.75

4 0.36 0.062 0.33 1.0 0.038 0.25 0.27 0.079 0.16 0.43 0.11 0.34 0.2 0.087 0.092 0.15 0.0077 -0.22 -0.065 -0.041 0.24 -0.026 0.21 0.4 0.43

5 0.01 0.82 0.0098 0.038 1.0 0.008 0.0093 0.0022 0.0046 0.013 0.0036 0.01 0.0049 0.0028 0.003 0.0047 0.0003 -0.0079 -0.0026 -0.0018 0.0073 0.00012 0.0089 0.012 0.013

6 0.65 0.11 0.48 0.25 0.008 1.0 0.39 0.12 0.23 0.6 0.18 0.56 0.18 0.31 0.32 0.41 0.68 -0.36 -0.11 -0.08 0.31 -0.17 0.34 0.61 0.62

7 0.51 0.086 0.43 0.27 0.0093 0.39 1.0 0.094 0.19 0.54 0.16 0.5 0.21 0.19 0.19 0.27 0.18 -0.58 -0.37 -0.32 0.23 0.29 0.31 0.59 0.6

8 0.18 0.028 0.14 0.079 0.0022 0.12 0.094 1.0 0.96 0.19 0.049 0.14 0.069 0.048 0.05 0.076 0.0063 -0.084 -0.0076 0.0054 0.12 -0.027 0.092 0.17 0.18

9 0.32 0.055 0.28 0.16 0.0046 0.23 0.19 0.96 1.0 0.37 0.095 0.28 0.14 0.082 0.087 0.14 0.01 -0.16 -0.013 0.014 0.24 -0.044 0.18 0.34 0.36

10 0.85 0.15 0.75 0.43 0.013 0.6 0.54 0.19 0.37 1.0 0.27 0.77 0.37 0.21 0.22 0.37 0.027 -0.48 -0.11 -0.06 0.55 -0.13 0.49 0.91 0.97

11 0.24 0.041 0.2 0.11 0.0036 0.18 0.16 0.049 0.095 0.27 1.0 0.22 0.092 0.074 0.077 0.11 0.019 -0.14 -0.038 -0.024 0.14 -0.041 0.14 0.25 0.26

12 0.73 0.12 0.6 0.34 0.01 0.56 0.5 0.14 0.28 0.77 0.22 1.0 0.27 0.26 0.27 0.38 0.084 -0.43 -0.09 -0.074 0.43 -0.14 0.71 0.86 0.81

13 0.28 0.047 0.28 0.2 0.0049 0.18 0.21 0.069 0.14 0.37 0.092 0.27 1.0 0.039 0.047 0.092 -0.011 -0.17 -0.038 -0.016 0.22 0.0086 0.16 0.33 0.36

14 0.47 0.078 0.21 0.087 0.0028 0.31 0.19 0.048 0.082 0.21 0.074 0.26 0.039 1.0 0.98 0.87 0.12 -0.18 -0.063 -0.053 0.09 -0.1 0.14 0.23 0.23

15 0.48 0.081 0.22 0.092 0.003 0.32 0.19 0.05 0.087 0.22 0.077 0.27 0.047 0.98 1.0 0.9 0.12 -0.19 -0.063 -0.052 0.098 -0.1 0.15 0.25 0.24

16 0.6 0.1 0.33 0.15 0.0047 0.41 0.27 0.076 0.14 0.37 0.11 0.38 0.092 0.87 0.9 1.0 0.12 -0.25 -0.08 -0.061 0.18 -0.13 0.22 0.38 0.38

17 0.11 0.018 0.038 0.0077 0.0003 0.68 0.18 0.0063 0.01 0.027 0.019 0.084 -0.011 0.12 0.12 0.12 1.0 -0.16 -0.083 -0.079 -0.016 -0.011 0.041 0.07 0.05

18 -0.47 -0.08 -0.38 -0.22 -0.0079 -0.36 -0.58 -0.084 -0.16 -0.48 -0.14 -0.43 -0.17 -0.18 -0.19 -0.25 -0.16 1.0 0.25 0.25 -0.15 -0.12 -0.26 -0.48 -0.5

19 -0.14 -0.023 -0.11 -0.065 -0.0026 -0.11 -0.37 -0.0076 -0.013 -0.11 -0.038 -0.09 -0.038 -0.063 -0.063 -0.08 -0.083 0.25 1.0 0.92 0.41 -0.079 -0.08 -0.15 -0.15

20 -0.094 -0.015 -0.066 -0.041 -0.0018 -0.08 -0.32 0.0054 0.014 -0.06 -0.024 -0.074 -0.016 -0.053 -0.052 -0.061 -0.079 0.25 0.92 1.0 0.52 -0.068 -0.053 -0.095 -0.093

21 0.45 0.078 0.41 0.24 0.0073 0.31 0.23 0.12 0.24 0.55 0.14 0.43 0.22 0.09 0.098 0.18 -0.016 -0.15 0.41 0.52 1.0 -0.052 0.27 0.5 0.54

22 -0.18 -0.032 -0.11 -0.026 0.00012 -0.17 0.29 -0.027 -0.044 -0.13 -0.041 -0.14 0.0086 -0.1 -0.1 -0.13 -0.011 -0.12 -0.079 -0.068 -0.052 1.0 -0.085 -0.12 -0.11

23 0.45 0.082 0.38 0.21 0.0089 0.34 0.31 0.092 0.18 0.49 0.14 0.71 0.16 0.14 0.15 0.22 0.041 -0.26 -0.08 -0.053 0.27 -0.085 1.0 0.71 0.55

24 0.81 0.14 0.7 0.4 0.012 0.61 0.59 0.17 0.34 0.91 0.25 0.86 0.33 0.23 0.25 0.38 0.07 -0.48 -0.15 -0.095 0.5 -0.12 0.71 1.0 0.95

25 0.85 0.15 0.75 0.43 0.013 0.62 0.6 0.18 0.36 0.97 0.26 0.81 0.36 0.23 0.24 0.38 0.05 -0.5 -0.15 -0.093 0.54 -0.11 0.55 0.95 1.0
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Table 3.19: Pearson correlation coefficients for the variables measured by the TED instrument

in the SAA region.

28 29 30 31 32 33

28 1.0 0.72 0.19 0.32 -0.56 -0.25

29 0.72 1.0 0.15 0.27 -0.43 -0.21

30 0.19 0.15 1.0 0.72 -0.52 -0.6

31 0.32 0.27 0.72 1.0 -0.56 -0.34

32 -0.56 -0.43 -0.52 -0.56 1.0 0.41

33 -0.25 -0.21 -0.6 -0.34 0.41 1.0

Table 3.20 shows the average maximum value in 24 hour periods preceding anomalies,

compared to the average maximum in all 24 hour periods. We can once again see they are

very close to each other, and thus will probably not give good predictions. To ascertain

of this, the highest possible success rates with thresholds with which at least 10 % of

the SAA anomalies are found are collected to table 3.21. With the exception of variables

9, MEPED proton flux ∼115 keV 90◦ telescope, and 27, L value from IGRF model, all

other success rates are indeed very close to the random guess.

Finally, whether anomalies will follow peaks in the POES data over the SAA, table

3.22 is constructed; all values are close to the expected. With these variables as well, no

connection is found between the extreme values and anomalies.

3.8 WSA-Enlil model predictions

We move to the last data set of this study, the WSA-Enlil solar wind prediction model.

The data is only available starting from November 2013, and includes some gaps. Of

the variables predicted by the model, 1, 2, 3 and 6 only gain positive values, 4, 5, 7, 9

gain values of both signs, and 8 only gets negative values. To be better able to study

the behaviour of the variables as they get further away from zero, the variable values are

divided into two categories by their sign. For the first test, only values larger than zero

are left. The average of 12-hour periods prior to anomalies in this subset is calculated,

and compared to the average of all values larger than zero. The result is shown in table

3.23.

Some values, especially in the SAA anomaly column, are markedly higher than average.

To see if this translates to success rate, the highest achievable success rates while main-

taining a coverage rate of at least 10 % are calculated and presented in table 3.24. Values

especially in the SAA column are indeed higher than expected of a blind guess, but not

by a significant margin. Also it has to be noted that because of the low availability of

data, even with a coverage rate of 10 % of the anomalies in the timeframe that the model

covers, only 3 anomalies are found.
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Table 3.20: The average of maximums of POES variable values from the 24-hour periods pre-

ceding anomalies, from SAA measurements and only includes anomalies occurring in the SAA

region. Values are relative to the average of maximums in all 24-hour periods.

Variable
All SAA SAA SAA

anomalies CMNUs MMLUs

4 1.0 0.997 1.01

5 1.0 0.99 1.01

7 1.02 1.03 1.02

9 1.05 1.02 1.07

11 1.01 0.97 1.04

13 0.94 0.96 0.92

16 0.99 0.98 1.0

17 0.99 0.99 0.996

18 1.04 1.07 1.02

21 1.04 1.04 1.04

22 0.99 0.98 1.0

25 1.0 1.01 0.99

26 1.0 1.01 0.99

27 0.996 0.98 1.01

29 0.99 0.98 0.997

30 1.0 1.0 1.0

32 1.0 0.997 1.0

33 0.996 1.0 0.99

The same calculations are repeated for the second set of values, those smaller than

zero. The results are shown in tables 3.25 and 3.26. The observations are the same: even

though especially the column SAA anomalies has higher success rates than a blind guess,

the difference is not significant while taking into account the small amount of data.
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Table 3.21: The best success rates (in %) achieved with POES variable maximums over a 12-

hour period. The success rate is calculated as the ratio of the number of 12-hour periods with

a maximum value of more than a threshold and containing an anomaly, to the number of all

periods with a maximum of more than the threshold. Only thresholds with which at least 10 %

anomalies are detected are included.

Variable
All SAA SAA CMNU SAA MMLU

anomalies anomalies anomalies

4 6.7 3.1 4.7

5 6.0 2.8 3.4

7 5.7 3.7 3.2

9 10.9 3.6 7.2

11 6.2 2.9 3.6

13 5.6 2.8 3.1

16 8.2 3.3 4.9

17 5.5 2.5 3.0

18 6.1 5.5 3.5

21 6.3 3.5 3.2

22 5.7 3.1 3.2

25 6.1 4.1 3.1

26 6.1 4.1 3.1

27 9.5 7.0 3.1

29 8.2 4.9 3.5

30 5.5 2.5 3.0

32 5.5 2.5 3.3

33 5.7 2.6 3.3

expected 6.2 3.0 3.2
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Table 3.22: Average number of anomalies of different types in the 24-hour periods following

POES variable peaks of over 10 times the average value in the SAA regions. The expected

numbers are calculated assuming the anomalies occur randomly and independently of each other

or POES variable peaks. Only anomalies occurring in the SAA region are considered, and only

those variables which have peaks followed by anomalies are shown.

Variable
All SAA SAA CMNU SAA MMLU

anomalies/period anomalies/period anomalies/period

7 0.19 0.038 0.15

11 0.011 0.0 0.011

13 0.026 0.013 0.013

16 0.057 0.027 0.031

18 0.045 0.023 0.022

21 0.047 0.02 0.026

27 0.058 0.019 0.038

expected 0.062 0.03 0.032

Table 3.23: The average of WSA-Enlil model values in the 12 hours preceding the different

anomaly types, relative to the average values over the duration of the mission. While calculating

both, only positive variable values have been used.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

1 1.1 1.01 1.17 0.81 1.24

2 0.97 1.02 0.92 1.05 0.94

3 0.97 0.99 0.95 1.05 0.93

4 1.14 1.04 1.26 0.84 1.14

5 1.26 1.15 1.36 1.71 1.21

6 1.03 1.06 1.0 1.01 1.06

7 1.47 1.86 1.19 0.53 1.92

9 1.06 1.11 1.0 0.9 1.17
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Table 3.24: The best achievable success rates for WSA-Enlil variables with thresholds with which

at least 10 % of the anomalies are predicted. Only includes the positive WSA-Enlil prediction

values.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

1 5.3 2.2 3.4 0.95 5.3

2 4.3 2.7 2.3 1.3 2.8

3 3.8 2.1 2.0 1.3 2.4

4 5.2 3.0 5.2 0.95 3.0

5 7.1 4.3 3.5 1.4 4.6

6 7.6 2.6 2.3 1.1 7.6

7 4.4 2.5 2.3 0.8 4.4

9 7.2 4.1 2.6 1.2 7.2

expected 5.3 2.5 2.8 1.7 3.1

Table 3.25: The average of WSA-Enlil model values in the 12 hours preceding the different

anomaly types, relative to the average values over the duration of the mission. While calculating

both, only negative variable values have been used.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

4 0.84 0.95 0.77 0.93 0.87

5 0.95 1.12 0.79 0.93 0.96

7 1.27 1.4 1.13 0.87 1.43

8 1.04 1.04 1.03 0.97 1.08

9 1.04 0.99 1.09 0.96 1.06

Table 3.26: The best achievable success rates for WSA-Enlil variables with thresholds with which

at least 10 % of the anomalies are predicted. Only includes the negative WSA-Enlil prediction

values.

Variable
All

CMNUs MMLUs
Polar SAA

anomalies anomalies anomalies

4 4.1 2.1 2.6 1.5 3.1

5 4.1 2.7 2.1 1.4 2.7

7 10.0 6.8 3.7 1.3 9.6

8 5.2 2.5 3.7 1.1 4.4

9 5.7 2.3 4.4 0.73 4.3

expected 5.3 2.5 2.8 1.7 3.1
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Summary

In this thesis, prediction methods of hardware anomalies in the SMOS satellite from in-

dicators of Earth radiation environment have been studied. The SMOS satellite does not

include radiation sensors, so secondary sources have been used to estimate the radiation

environment in the orbit of the satellite. These include both telemetry from radiation-

sensitive equipment in the satellite, as well radiation sensors aboard other satellites.

Also used are the Kp index of the disturbance of the planet’s geomagnetic field and the

WSA-Enlil prediction model of solar wind plasma parameters.

For the RAM errors, the occurrence of one seems to increase slightly the probability

of the SMOS satellite experiencing an anomaly in the SAA region or a MM latch-up in

the following six hours. Stronger this relationship is for the MM single-bit errors: the

anomaly probability is more than doubled after experiencing at least 4 errors in MM

partitions 2, 7, 9 and 11 in 24 hours. This can be explained by the fact that charged

particles are also the causes of the RAM and MM errors, and thus the memories work as

unwilling radiation sensors.

On the other hand, Kp index doesn’t seem to be related to hardware anomalies. Even

with the quietest geomagnetic field, the expected number of anomalies ensues, and the

same holds for a highly disturbed magnetic field and even geomagnetic storms. This

might be credited to the low orbit of the satellite: disturbances are relatively smaller

closer to the ground where the geomagnetic field is stronger.

Analysing the ACE satellite data is complicated by the extreme dynamical range, as

values reach up to 10 000 times the average. Some form of filtering out the highest peaks

is necessary. With the peaks removed, the ACE variable values do not significantly differ

from the overall average and is in fact in some cases slightly lower. The only variable

with which a decent success rate is achieved is SIS 2, the high energy integral proton

flux. No significant numbers of anomalies was observed to follow the peaks. It would

seem that the changes in the stream of charged particles from the Sun have little effect

on the satellite.
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POES constellation measurements were divided into two categories by the geographical

location where most of the SMOS hardware anomalies are experienced, to get more

localized, comparable data. Despite this, only successes obtained were the variable 16,

MEPED electron flux >287 keV 0◦ telescope, for polar anomalies, and 9, MEPED proton

flux ∼115 keV 90◦ telescope, and 27, the L value from IGRF model, for SAA anomalies.

Again, no noteworthy numbers of anomalies follow peaks in the data.

WSA-Enlil solar wind model largely follows suit, though has the additional complica-

tion of only having data from a little over two years and thus low coverage. From what

little data was available, some connection between SAA anomalies and high absolute

values of the measured magnetic field parameters may be drawn.

None of these methods is alone nearly enough to predict hardware anomalies with any

level of reliability. In fact, it seems that the occurrence of anomalies is very little affected

by the changes in the Earth radiation environment as described by these data sets.

The generally weak correlation observed in this study can possibly be explained by

the distribution of hardware anomalies in time. Firstly, the occurrence times of neither

CMN unlocks and MM latch-ups, nor polar and SAA anomalies, correlate, which means

that they occur independently of each other, perhaps because they occur as a result of

different processes and environmental conditions. Secondly, an even stronger relation

holds between all anomalies: the occurrence of an anomaly is a Poisson process, and

thus the anomalies are independent not only of anomalies of the other type, but all other

anomalies, and they occur at a constant rate of approximately 0.106 per day. In this case

the rate does not vary with changing environmental conditions.

However, the fact that the anomalies are a Poisson process does not necessarily mean

that they are unpredictable. The other explanation for the Poisson process is, that

the anomalies are caused by environmental conditions or processes that also follow a

Poisson distribution and are so short-lived that most often only one anomaly occurs. In

this case there might be ways to predict the appearance of these conditions. The next

chapter presents some further research topics that continue building on this study and

aim to improve the methods of anomaly prediction to settle the question of whether the

predictions are possible and the anomalies hence connected to changes in the radiation

environment.



CHAPTER 5

Future work

This chapter presents a few methods with which the anomaly prediction might be im-

proved. In the present study, only single variables and requirements are considered. Much

could be gained by combining multiple variables into a single prediction, as it would al-

low variables to overcome each other’s weaknesses and to better find the combinations

of environmental conditions that trigger the anomalies.

The first method is quite simple. In it, data from multiple variables is collected for each

point of time, and the values at the times of hardware anomalies marked down. For each

variable then the anomaly probability can be calculated independently for example from

the proportion of anomalies to non-anomaly values for each small segment of the line

representing variable values. These independent probabilities are then finally combined

to produce the prediction.

Second method uses the concept of Local Outlier Factor (LOF) [8], which is a numerical

quantity describing how far away a data point is from other local data points in n-

dimensional space. Like above, data from multiple variables are collected for each point

of time, and these values used as the coordinates of the data point in the n-dimensional

space. The idea is, that if anomalies really are connected to more extreme values, it

should be visible as an increased distance from most other data points. The data points

of anomalies should be marked and their LOF values observed. If the data points with

anomalies really have higher LOFs, a prediction is made when a new data point with

such a high LOF is observed. The algorithm also the advantage of being able to learn by

itself where the nominal data points land.

Finally, a dedicated machine learning algorithm may be utilized to basically automate

the first process. The advantages are, that computers do really well in pattern recognition,

are able to handle large data sets of multidimensional data, and with a machine learning

algorithm, can learn independently the regions where anomalies usually occur.

55





REFERENCES

[1] Mission Objectives and Scientific Requirements of the Soil Mois-

ture and Ocean Salinity (SMOS) Mission, Version 5. Available at

http://earth.esa.int/pub/ESA DOC/SMOS003.pdf.

[2] A. Borges and SMOS-PLM Team. SMOS mission & MIRAS instrument. Synthetic

apperture radiometer in space. In 34th European Microwave Conference, 2004, vol-

ume 1, pages 317–319. IEEE, 2004.

[3] ACE Science Center. ACE Level 2 Data. Available at

http://www.srl.caltech.edu/ACE/ASC/index.html. Accessed 15.6.2016.

[4] B. L. Gregory, and B. D. Shafer. Latch-Up in CMOS Integrated Circuits. IEEE

Transactions on Nuclear Science, 20(6):293–299, 1973.

[5] European Space Agency. SMOS - ESA’s Water Mission. 2010. ISBN: 978-92-9221-

031-1.

[6] J. Bartels, N. H. Heck, and H. F. Johnston. The three-hour-range index measuring

geomagnetic activity. Terrestrial Magnetism and Atmospheric Electricity, 44(4):411–

454, 1939.

[7] M. Kornberg, G. Buenadicha, J. Closa, and M. Canela. SMOS Payload perfor-

mance maintenance: Impact of anomalies and operational strategies. Available at

http://arc.aiaa.org. DOI: 10.2514/6.2012-1254731.

[8] M. M. Breunig, H.-P. Kriegel, R. T. Ng, and J. Sander. LOF: Identifying Density-

Based Local Outliers. In ACM sigmod record, volume 29, pages 93–104. ACM, 2000.

[9] M. Y. Goncharova, Y. P. Maltsev, and I. V. Golovchanskaya. Relation of Geo-

magnetic Indices to Solar Wind Parameters. In Fifth International Conference on

Substorms, volume 443, pages 51–54, 2000. ISBN: 92-9092-772-0.

57



58

[10] NASA’s Earth Observing System Project Science Office. NOAA-POES – NASA’s

Earth Observing System. Available at https://eospso.gsfc.nasa.gov/missions/noaa-

poes. Accessed 27.6.2016.

[11] National Aeronautics and Space Administration, NASA Space Sci-

ence Data Coordinated Archive. ACE spacecraft details. Available at

http://nssdc.gsfc.nasa.gov/nmc/masterCatalog.do?sc=1997-045A. Accessed

1.9.2016.

[12] National Oceanic and Atmospheric Administration (NOAA), National Centers for

Environmental Information (NCEI). Geomagnetic kp and ap Indices. Available at

http://www.ngdc.noaa.gov/stp/GEOMAG/kp ap.html. Accessed 1.6.2016.

[13] National Oceanic and Atmospheric Administration (NOAA), National Centers for

Environmental Information (NCEI). POES Environment Monitor – Data Ac-

cess. Available at http://ngdc.noaa.gov/stp/satellite/poes/dataaccess.html. Ac-

cessed 27.6.2016.

[14] National Oceanic and Atmospheric Administration, Space Weather Pre-

diction Center. WSA-Enlil Solar Wind Prediction. Available at

http://www.swpc.noaa.gov/products/wsa-enlil-solar-wind-prediction. Accessed

12.8.2016.

[15] NOAA National Centers for Environmental Information, Space Weather Prediction

Center (SWPC). Wang-Sheeley-Arge (WSA)-Enlil Solar Wind Prediction. Avail-

able at https://www.ngdc.noaa.gov/enlil data/. DOI:10.7289/V5445JGH. Accessed

12.8.2016.

[16] Post-Launch Support Office with inputs from ESAC, former Project, D/TEC and

Industry. SMOS ANOMALY INVESTIGATION: Technical Note. SMOS CMN Un-

locking Anomaly [SMOS-22]. Reference PLSO-TN-SMOS-CMN-0001.

[17] Post-Launch Support Office (with inputs from the Commissioning Team). SMOS

ANOMALY INVESTIGATION: Technical Note. SMOS Mass Memory Latch Up

[ARTS SMOS-24]. Reference PLSO-ITN-SMOS-MMEM-0004.

[18] R. V. Hogg, J. V. McKean, and A. T. Craig. Introduction to Mathematical Statistics:

Pearson New International Edition, 7th Edition. Pearson Education Limited, 2014.

ISBN: 978-1-292-02499-8.

[19] S. L. Snowden. ROSAT SAA. Available at

http://heasarc.gsfc.nasa.gov/docs/rosat/gallery/misc saad.html. Accessed

30.9.2016.



59

[20] S. Mecklenburg, M. Drusch, Y. H. Kerr, J. Font, M. Martin-Neira, S. Delwart, G.

Buenadicha, N. Reul, E. Daganzo-Eusebio, R. Oliva, and R. Crapolicchio. ESA’s

soil moisture and ocean salinity mission: Mission performance and operations. IEEE

Transactions on Geoscience and Remote Sensing, 50(5):1354–1366, 2012.

[21] S. Pinori, R. Crapolicchio, and S. Mecklenburg. Preparing the ESA-SMOS (soil

moisture and ocean salinity) mission - overview of the user data products and data

distribution strategy. In Microwave Radiometry and Remote Sensing of the Envi-

ronment, 2008. MICRORAD 2008, pages 1–4. IEEE, 2008.

[22] V. Pizzo, G. Millward, A. Parsons, D. Biesecker, S. Hill, and D. Odstrcil. Wang-

Sheeley-Arge-Enlil Cone Model Transitions to Operations. Space Weather, 9(3),

2011.


