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Abstract

This thesis focuses on the relation between geomagnetic activity and elec-

tricity consumption in Finland via northern annular mode (NAM). The NAM

greatly affects winter weather in Finland and is also influenced by changes

of the stratospheric polar vortex. Geomagnetic activity has been shown to

have an influence on the polar vortex and thus also on the NAM and winter

weather. It is shown here that during winter there exists a significant correla-

tion between the NAM-index and the electricity consumption in Finland and

this correlation is different in the two phases of the quasi-biennial oscillation

(QBO), in other words, the direction of equatorial stratospheric winds, which

are known to influence polar stratosphere and NAM.

In the analysis two different electricity consumption data sets were used:

monthly data of total electricity consumption and yearly data of electric-

ity consumption in households. These data sets are based on the electricity

consumption data from Finland but also data from Norway and The United

Kingdom were studied. The analysis included data from years 1980 to 2019.

Since the monthly total electricity consumption data was only available from

1990 to 2019, it was necessary to reconstruct the missing values for the period

of 1980-1989 by using monthly temperature data.

The relation between the aa-index and the total electricity consumption

was also studied. In this thesis it is shown that there exists a good correlation

of -0.64 between the aa-index and the total electricity consumption but only

during negative QBO-phase.

Some previous research concerning this topic have been made by using the

NAO-index instead of the NAM-index. Thus also the NAO-index was used in

this analysis and these results were compared to the previous ones.

The results indicate that there is a connection between the aa-index and

winter’s electricity consumption in Finland via the NAM-index. This indi-

cates that maybe in future it would be possible to predict winter’s electricity

consumption by using the aa and NAM indices.
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Tiivistelmä

Tämä tutkielma keskittyy tutkimaan geomagneettisen aktiivisuuden vai-

kutusta sähkönkulutukseen Suomessa pohjoisen rengasmoodin eli NAM-il-

miön välityksellä. NAM vaikuttaa merkittävästi talvisäähän Suomessa ja

näihin vaihteluihin vaikuttaa osaltaan stratosfäärin polaarivorteksi. Geomag-

neettisen aktiivisuuden on puolestaan osoitettu vaikuttavan polaarivorteksin

kautta talvisäähän ja NAM-ilmiöön. Tutkielmassa osoitetaan, että NAMia

mittaavan NAM-indeksin ja sähkönkulutuksen väliltä löytyy merkittävä kor-

relaatio, joka osin riippuu myös kvasi-bienniaalisen oskillaation eli QBO:n

vaiheesta. QBO:n vaiheella tarkoitetaan päiväntasaajan stratosfäärissä kulke-

vien tuulten suuntia, ja QBO-vaiheen tiedetään vaikuttavan napa-alueen stra-

tosfääriin ja edelleen pohjoiseen rengasmoodiin.

Analyysissä käytettiin kahta erilaista sähkönkulutukseen liittyvää dataset-

tiä: kuukausittaista kokonaissähkönkulutusdataa sekä vuosittaista kotitalouk-

sien sähkönkulutusdataa. Data perustui sähkönkulutukseen Suomessa, mutta

analyysi tehtiin vertailun vuoksi myös Norjasta ja Isosta-Britanniasta kerätylle

datalle. Tutkimuksessa käytetty aikaperiodi ulottui vuodesta 1980 vuoteen

2019. Kuukausittaista kokonaissähkönkulutusdataa ei kuitenkaan ollut saata-

villa kuin vuosille 1990-2019, joten oli tarpeen rekonstruoida puuttuvat arvot

ajalle 1980-1989 kuukausittaista lämpötiladataa käyttämällä.

Tutkimuksen kohteena oli myös aa-indeksin suhde kokonaissähkönkulutuk-

seen. Tutkielmassa osoitetaan, että aa-indeksin ja sähkönkulutuksen välillä on

hyvä korrelaatio (-0.64), joskin vain QBO-vaiheen ollessa negatiivinen. Ana-

lyysiä tehtiin myös NAO-indeksiä käyttämällä, jotta pystyttiin vertailemaan

tuloksia aiempiin tutkimuksiin, jotka on pääsääntöisesti tehty juuri NAO-

indeksillä.

Tulokset osoittavat, että geomagneettinen aktiivisuus todella vaikuttaa

talven sähkönkulutukseen Suomessa NAM-ilmiön välityksellä. Tämä tarkoit-

taa, että myöhemmin voisi olla mahdollista ennustaa talven sähkönkulutusta

aa- ja NAM-indeksejä käyttämällä.
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1 Introduction

Work process leading to this thesis started in the autumn of 2020. The idea was

to try to clarify if it would be possible to find some correlation between winter’s

electricity consumption in Finland and the northern annular mode (NAM) also

considering the potential influence of geomagnetic activity on it and possibly use

this correlation for prediction purposes in future. The topic would be important

since we all consume electricity every day and the prices of electricity are being

followed really closely, especially lately when the prices have been really high. If

one day it would be possible to predict the amount of electricity consumed during

winter and thus also evaluate the costs of it, it would benefit everyone’s life and help

to prepare for changes in electricity demand and production.

The northern annular mode is the main mode of atmospheric variability that controls

the winter weather in Finland and Scandinavia (Talley et al. (2011)). It describes

how winds and air pressures vary in the atmosphere in middle and high northern

latitudes. So called NAM-index can be determined to describe this variation and

the NAM-index can have negative or positive values (Talley et al. (2011)). Positive

values mean that the air pressure at the northern polar region is lower than it

normally is and this causes the polar jet streams to be stronger. Correspondingly

the air pressure is higher at mid-latitudes. As a result of positive NAM-index the

winter in Scandinavia is often warmer and wetter. Negative NAM-values indicate

that the air pressure at the northern polar region is higher than usually and the polar

jet stream is therefore weaker and more complex. Thus, winter is probably colder

and drier here in Scandinavia. As we later see, the air temperatures in Scandinavia

during winter are linked to the NAM-index. When the NAM-index is negative,

temperatures are lower and vice versa for positive NAM-indices.

In Finland dominant portion of electricity consumption in households is due to heat-

ing of buildings and residential spaces. As the statistics show, 46 % of electricity

in households was used to heat indoor spaces in 2019 (Official Statistics of Fin-

land (OSF) (2020a)). The rest of electricity was used for household appliances (38
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%) and heating domestic water and saunas. The need of heating is closely related

to outside temperatures. When winter is cold, there is more need for heating houses

and thus more electricity will be spent for heating purposes. Thus the electricity

consumption is related to outside temperatures as is the NAM-index and the aim

of this thesis was to find out if eventually a good relation between the electricity

consumption and the NAM-index can be found.

The NAM-index is also known to correlate rather well with geomagnetic activity,

which is an indirect measure of energetic particle precipitation from space into the

upper atmosphere (e.g. Maliniemi et al. (2016)). Therefore, if a good correlation

between the electricity consumption and the NAM-index was found, that would

mean that there also might be a correlation between the aa-index and the electricity

consumption. Thus another aim of the thesis is to explore if the geomagnetic activity

could also be linked to the electricity consumption.

This thesis consists of 8 chapters. After Introduction some theoretical background

of the study is presented. Since the geomagnetic activity correlates with the NAM-

index, Chapter 2 starts by introducing the concept of solar activity and solar wind

which drives the geomagnetic activity. Then it will be explained what geomagnetic

activity actually is and how geomagnetic indices and especially the aa-index can be

determined. After that in Chapter 3 some atmospheric phenomena and especially

the northern annular mode and quasi-biennial oscillation (QBO), which are the main

concepts in the analysis, will be introduced. Finally some background related to the

electricity consumption is discussed in Chapter 4.

In Methods chapter the data sets used in this research will be presented and it

will be discussed how the data sets are modified before the analysis. The NAM-

index was calculated by using the principal component analysis (PCA) and this

method will also be discussed more closely. In the analysis the relationships between

different variables were studied by two linear regression models: one regular linear

regression model with least-squares method and one that takes into account the

possible autocorrelation of the residuals (Cochrane-Orcutt method).
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In Chapter 6 the results of the analysis will be presented. First, the relationship

between the NAM-index and Finland’s average temperature are studied and some

correlation maps are made which demonstrate the effects in Finland. Some com-

parison was also made for the NAO-index and the temperature. It was also studied

how well Finland’s temperature correlates with the total electricity consumption in

different months.

After studying these relations, the connection between the total electricity con-

sumption and the NAM-index during time period of 1980-2019 was studied. Total

electricity consumption data in Finland was available as a yearly and monthly data.

Since the monthly data was available only after 1990, the missing values of 1980-1989

were estimated by using the relation between Finland’s monthly temperature and

the monthly total electricity consumption that was found before. A regular linear re-

gression model between monthly temperatures and the total electricity consumption

of time period of 1990-2019 was used to obtain models which allowed to estimate

past monthly electricity consumption values with the monthly temperature data

from years 1980-1989. Resulting estimates of yearly values calculated from monthly

data were very close to the real yearly electricity consumption data.

The total electricity consumption and the NAM-index were found to correlate rather

well with each other during winter when so called DJF-values were used. DJF-value

means that data is being picked from 3 winter months: December, January and

February. The data was studied in three different groups: all data points, QBO-

negative and QBO-positive time periods of the data. In the quasi-biennial oscillation

strong winds that flow in the stratosphere near the equator switch direction approx-

imately every 14 months (Zhang et al. (2015)). When the QBO is negative, the

winds are easterly and when the QBO is positive, the winds blow from west. It

was noticed that a good correlation of -0.61 can be found between the NAM-index

and the total electricity consumption and it is even stronger during QBO-negative

phases. Thus more positive NAM leads to less electricity consumption.

The relation between the aa-index and total electricity consumption was also stud-
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ied. A significant correlation of -0.64 was found between the aa-index in January and

total electricity consumption’s DJF average. This correlation was, however, found

to hold only in the negative QBO-phase. It was also noticed that there is a good cor-

relation between January’s aa-index and the DJF-average of the NAM-index during

negative QBO-phase.

Finally the same kind of analysis between the NAM-index and electricity consump-

tion was made but instead of the total electricity consumption a yearly electricity

consumption in households was used and was compared to DJF-values of the NAM-

index. It was noticed that a good correlation can be found between the NAM-index

and electricity consumption in households but only during QBO-negative phase (-

0.68).

In Chapter 7 the results will be discussed in more detail. The differences between

electricity consumption data sets are being discussed and it is also evaluated why

the results are different depending on whether the NAM or the NAO index is being

used. In the last chapter the topic of the thesis will be summarized and some ways to

continue the research are being presented. It is hoped that this thesis will give some

new information about this interesting topic and perhaps provide a new way to see

how electricity consumption is affected in long time scales by atmospheric variability

and energetic particle precipitation (geomagnetic activity) into the atmosphere.
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2 Solar and geomagnetic activity

In this chapter basic information about solar activity including the solar wind and

energetic particles emitted from the Sun is being presented. This provides a back-

ground for geomagnetic activity which describes how solar activity appears in the

Earth’s magnetosphere.

2.1 Solar activity

Various forms of solar activity are driven by the magnetic activity of the Sun. The

Sun has its own magnetic field which has a cyclic behaviour (Raouafi et al. (2021)).

The polarity of the field follows a 22-year activity cycle so that the polarity changes

approximately every 11 years. This 11-year cycle is also called the solar cycle or

the sunspot cycle. The magnetic features indicating the solar activity include for

example sunspots, faculae, filaments, coronal holes and solar eruptions, like flares

and coronal mass ejections (CME) (Raouafi et al. (2021)). When the Sun is more

active, one can observe more these active features compared to times when the Sun

is more quiet.

During solar activity minimum times the magnetic field has a nearly dipolar struc-

ture (Raouafi et al. (2021)). This means that the field is largely poloidal reminding of

Earth’s magnetic field structure. During these times there are very little sunspots

on the Sun. Sunspots are regions in the solar photosphere that have a stronger

magnetic field than surrounding areas. This blocks the convective motion near the

surface and causes a black cooler spot to emerge. Near the minimum there are typi-

cally huge coronal holes visible near the polar regions of the Sun. The coronal holes

are regions where solar magnetic field is open to the interplanetary space (Tsurutani

et al. (2006)). These also emit high-speed solar wind.

During the ascending phase of the solar cycle the magnetic activity starts to rise.

The magnetic field begins to twist into a more toroidal form due to differential

rotation of the Sun (Ω-effect) and radial shear (α-effect) (Raouafi et al. (2021)).
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More sunspots and other magnetic features will start to emerge. Sunspots are often

surrounded by magnetic features called faculae, which are hot and bright spots

that can be observed near solar limb (Tsurutani et al. (2006)). They emit more

electromagnetic radiation than their surroundings thereby even overcompensate the

weaker radiation of sunspots.

At the solar maximum the Sun has a more complex toroidal magnetic field (Raouafi

et al. (2021)). There are many magnetic loops that break through the solar surface

to form sunspots, filaments and coronal loops. The filaments and coronal loops

that emerge in the chromosphere and coronal regions of the Sun can hold large

amounts of plasma and that can lead to more fierce and frequent solar eruptions.

Flares can be seen as sudden brightenings in solar radiation in X-ray ultraviolet

(XUV, 1-30nm) and extreme ultraviolet (EUV, 30-105nm) wavelengths (Liu et al.

(2021)). They are thought to form via magnetic reconnection which can happen

when oppositely directed magnetic field lines get close enough to each other. Coronal

mass ejections are events that release huge amounts of plasma and magnetic flux

to the interplanetary space (Raouafi et al. (2021)). CMEs can drive interplanetary

shocks which are one way to accelerate solar energetic particles that will be discussed

later.

During the declining phase of the solar cycle the solar magnetic field slowly starts

to reform back into poloidal form but the polarity will now be opposite to what

it was during the last minimum (Raouafi et al. (2021)). Meridional flow carries

magnetic flux to the solar poles making the reversal of magnetic polarity possible.

Less and less sunspots begin to emerge as the declining phase proceeds towards the

next minimum.

Total solar irradiance (TSI) also varies in phase with the solar cycle. TSI describes

the total electromagnetic energy flux emitted by the Sun observed at the Earth’s

orbit (Raouafi et al. (2021)). In the solar maximum bright faculae and solar flares

cause TSI to have its maximum in the same phase with the sunspot maximum.
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During the minimum between the solar cycles 23 and 24 Kopp and Lean (2011)

measured the total solar irradiance at Earth’s orbital distance. They used the data

from Total Irradiance Monitor (TIM) which was carried by SORCE-satellite (SOlar

Radiation and Climate Experiment). The result was 1361.0± 0.5 W/m2.

The largest variations in TSI are caused by the variation in the distance between

the Sun and the Earth (Mendoza (2005)). This effect needs to be removed before

studying the variations caused by other factors. TSI also has really small scale

variations, between minutes to hours, which are caused by solar granulation, super-

granulation and solar oscillations (5-min fluctuations especially) (Mendoza (2005)).

The sunspots can cause a dip of nearly 0.3% in TSI lasting from a few days to

weeks (Mendoza (2005)). It is known that the TSI varies during the solar cycle and

this peak-to-peak variation from solar minima to maxima is around 0.1% according

Lee III et al. (1995). A newer result by Kopp and Lean (2011) indicated that the

peak-to-peak variation was about 0.12% during solar cycle 23. Possible variations

of longer time periods than 11 years are still uncertain.

In addition to TSI, spectral solar irradiance (SSI) is also usually used for studying

the variations in the solar radiation. Spectral solar irradiance describes the elec-

tromagnetic energy flux at different wavelengths including, e.g., UV wavelengths

(Thuillier et al. (2022)). Especially the UV-radiation has been found to vary in

phase with the solar cycle. The amplitude of these variations can usually be several

percentages within the cycle being greater in shorter UV-wavelengths (Raouafi et

al. (2021)).

Since both TSI and SSI variations are observed from satellites in space, the ob-

servational records are available only for the last 40 years. However some models

have been developed that can predict the variations even to the beginning of 15th

century. Naval Research Laboratory’s (NRL) updated models NRL-TSI-2 and NRL-

SSI-2 are able to reconstruct the TSI and SSI data annually since 1610 and daily

since 1882 (Coddington et al. (2019)). These models use SORCE-satellite data from

year 2003 forward, theoretical estimates and proxies such as the sunspot records and
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cosmogenic isotopes.

The solar wind and amount of solar energetic particles also vary during the solar

cycle and they cause variations to the geomagnetic activity. These topics will be

discussed next.

2.1.1 Solar wind

The solar wind is a continuous plasma outflow from the Sun’s coronal region and it

carries the interplanetary magnetic field (IMF) (Raouafi et al. (2021)). The solar

wind flows everywhere in the solar system and the region influenced by it is called

heliosphere. The solar wind mainly consists of protons and electrons but it also

carries some heavier nuclei. The solar wind is accelerated in the solar corona to

supersonic speeds and the speed of the wind at the Earth’s orbit is around 300-800

km/s (Raouafi et al. (2021)).

The coronal holes are typical sources of high-speed solar wind (Raouafi et al. (2021)).

Open magnetic field lines make it possible for coronal particles to escape freely to

the interplanetary space. The high-speed solar wind typically peaks during the

declining phase of sunspot cycle which was confirmed for example by Lukianova et

al. (2017). During these times the equatorward parts of polar coronal holes extend

to lower latitudes making it possible for high-speed solar wind streams to be better

observed at Earth, close to the solar equatorial plane. At the solar minimum large

polar coronal holes are sources for high-speed solar wind as can be seen in Figure

1(a and c) measured by the Ulysses solar orbiter.

The origin of slow solar wind is not so clear. There may be multiple different sources,

for example helmet streamers (Sheeley et al. (1997)) or plasma exchanges between

magnetic loops and open magnetic fields. During the solar minimum slow solar wind

is often observed at lower solar latitudes originating from solar streamers (Raouafi

et al. (2021)). During the maxima the solar magnetic field gets more complex so it

is hard to separate the areas where the fast and slow solar wind originate. This can

10



be seen in Figure 1b.

Figure 1: (a–c) Polar plots of the solar wind speed, colored by IMF polarity for Ulysses’ three polar orbits

colored to indicate measured magnetic polarity. In each, the earliest times are on the left (nine o’clock position)

and progress around counterclockwise. (d) Contemporaneous values for the smoothed sunspot number (black) and

heliospheric current sheet tilt (red), lined up to match Figures 1a–1c. In Figures 1a–1c, the solar wind speed is

plotted over characteristic solar images for solar minimum for cycle 22 (17.8.1996), late declining phase for cycle 23

(12.7.2000), and solar minimum for cycle 23 (28.3.2006). Source: McComas, D. J., Ebert, R. W., Elliott, H. A., Goldstein,

B. E., Gosling, J. T., Schwadron, N. A., and Skoug, R. M. (2008), Weaker solar wind from the polar coronal holes and the whole Sun,

Geophys. Res. Lett., 35, L18103. Figure 1. Reprinted with permission from John Wiley and Sons.

Solar wind speed, IMF strength and solar wind density are important quantities for

evaluating the geomagnetic activity and space weather. As in case of TSI and SSI

variations, measured solar wind data is only available from the satellite era. However

some reconstructions have been made that try to model the solar wind properties

and variations in earlier times. Since the variations follow closely the 11-year solar

cycle, the reconstruction models are able to reconstruct earlier cycles. One example

of a reconstruction model is a model made by Lockwood (2013) which reconstructs

the interplanetary magnetic field, solar wind speed and open solar magnetic flux

back to the middle of 1800s by using different geomagnetic indices (IDV and IHV).

2.1.2 Solar energetic particles and galactic cosmic rays

Solar energetic particles (SEP) are more energetic than solar wind particles. SEPs

consist of ions with energies over a few hundred keV and electrons with energies

over tens of keV (Raouafi et al. (2021)). SEPs are often released in episodic events,

like solar flares and CMEs. Since these events happen more often during the solar

maximum times, more SEPs are observed during those times.
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There are two types of SEP events: gradual and impulsive (Klein and Dalla (2017),

Malandraki and Crosby (2018)). Gradual SEP events can last for several days

but they are not so common and can be observed maybe a few tens of times in a

year. Gradual SEP events are most likely caused by CME-driven coronal shocks and

interplanetary shocks. Impulsive SEP events are, however, more common (even 1000

events per year) and they do not last for long (not longer than a day). Impulsive

SEP events are related to solar flares and thus also related to type III radio bursts.

Galactic cosmic rays (GCRs) usually have energies over hundreds of MeV and their

origin is outside of the solar system. GCR particles are mainly protons (around

90 %) and helium nuclei (10%) but contain also smaller amounts of heavier nuclei

(Malandraki and Crosby (2018)). The exact source of galactic cosmic rays is still

unknown but some convincing evidence has been shown that the major part of

GCRs would be accelerated in supernova remnants (SNR) and their shock fronts

(Blasi (2013)). This idea was proposed already in 1934 by famous scientists Walter

Baade and Fritz Zwicky (Baade and Zwicky (1934)). Although, some questions

concerning this theory still remain now, nearly 90 years later.

The phase of the solar cycle affects the amount of GCRs observable in the helio-

sphere and Earth. At the solar minimum one can observe more GCRs due to weaker

interplanetary magnetic field (IMF) (Raouafi et al. (2021)). The situation is oppo-

site during the solar maximum due to stronger IMF which prevents GCRs from

penetrating into the inner solar system. Thus the GCR flux closely but inversely

follows the 11-year solar cycle. Also some events happening in the Sun, like coronal

mass ejections, can suddenly diminish galactic cosmic ray flux at Earth which is

called Forbush decrease (Liu et al. (2021)).

Because SEPs and GCRs are more energetic than solar wind particles, they can

turn out to be really dangerous for instruments and astronauts in space. Ener-

getic charged particles and ions can cause problems in electronics onboard satellites

(Raouafi et al. (2021)). They are also an important source of atmospheric ionization.
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2.2 Geomagnetic activity and Earth’s magnetosphere

Earth’s magnetosphere is a complex system dominated by Earth’s magnetic field. It

reacts constantly to changing solar wind conditions which drive geomagnetic activ-

ity. Geomagnetic activity can be defined as the variability of magnetospheric and

ionospheric current systems, which is reflected to the magnetic fields they generate

(Asikainen (2020a)).

The large scale structure of the magnetosphere is pictured below in Figure 2. When

the solar wind reaches the magnetosphere, it faces the bow shock first where the

speed of the solar wind will be greatly reduced because of the influence of the Earth’s

magnetic field (Borovsky and Valdivia (2018)). After the shock the supersonic solar

wind becomes subsonic and turns to flow towards the tail of the magnetosphere in

hot magnetosheath region. In the magnetosheath region the plasma becomes denser,

hotter and magnetic field increases when compared to surrounding interplanetary

space.

Figure 2: Large scale structure of the magnetosphere. Source: Pollock, Craig and C:son-Brandt, P.

et al. (2003). The Role and Contributions of Energetic Neutral Atom (ENA) Imaging in Magnetospheric Substorm

Research. Space Science Reviews. 109. 155-182. Figure 1. Reprinted with permission from Springer Nature and

Copyright Clearance Center.

The magnetopause is the boundary which separates the solar wind plasma from
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the magnetospheric plasma. Magnetic reconnection makes it possible for solar wind

particles to pass through the magnetopause especially at the dayside magnetopause

where reconnection is the most efficient (Borovsky and Valdivia (2018)). Magnetic

reconnection at the magnetopause occurs when the interplanetary magnetic field

points towards south (IMF z-component < 0) and is thus opposite to the magne-

tospheric field. At the tail lobe magnetopause the kinetic energy of the solar wind

drives a magnetic dynamo process, which transforms solar wind kinetic energy to

magnetic energy (Asikainen (2020a)).

There are electric currents flowing at the magnetopause. Dayside and nightside

currents are pictured in Figure 2. Dayside current flows from dawn to dusk and

nightside current the opposite way (Ganushkina et al. (2018)). The formation of

these currents can be understood in terms of magnetohydrostatic balance. In the

magnetopause the magnetic pressure must be balanced with the dynamic pressure

produced by the flowing solar wind (Asikainen (2020a)). Thus there must flow a

current in the magnetopause that cancels the magnetospheric magnetic field outside

the magnetopause. Other point of view would be to consider a motion of a single

particle coming towards the magnetopause from the magnetosheath region. Since

Lorentz force causes electrons and protons to be deflected into different directions,

a current must form within the magnetopause (Asikainen (2020a)).

There are also various boundary layers just inside the magnetopause (see Figure

2). The low latitude boundary layer is located at low latitudes and it consists of

solar wind plasma which has penetrated into the magnetosphere and flows tailwards

(Ganushkina et al. (2018)). Another boundary layer is located at higher latitudes

and is called a plasma mantle (Ganushkina et al. (2018)). It consists of plasma from

the solar wind and the polar cusp region. Within the plasma mantle plasma flows

tailwards and feeds plasma sheets within the magnetotail.

The polar cusps are regions where the open structure of the magnetic field lines al-

lows the magnetosheath plasma to penetrate into magnetosphere and dayside iono-

sphere (Sandahl (2003)). However there can also be plasma flows in the other
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direction and the plasma from the ionosphere can also flow upwards in the cusp

region.

Magnetospheric convection gets started by reconnection at the dayside magne-

topause (Seki and Nagy (2015)). From there, the plasma flow is directed towards the

tail of the magnetosphere and gets slowed down by magnetic forces before it passes

the magnetopause. Inside the magnetotail region plasma particles will convect to-

wards the plasma sheet which consists of high density plasma. This convection

is greatly enhanced during southward IMF and the resulting convection pattern is

called Dungey cycle according to James Dungey (Dungey (1961)). This convection

pattern is pictured in Figure 3. In the plasma sheet the magnetic field lines from

both tail lobes converge and magnetic reconnection guides the field lines and plasma

towards the Earth. Near the Earth the magnetic field lines circle around it and meet

the IMF field lines again at the dayside magnetopause.

In a highly conducting plasma magnetic flux is frozen into the plasma flow and mag-

netic field lines are roughly electric equipotentials (Seki and Nagy (2015)). Because

of this the magnetospheric convection causes a convection pattern also to emerge in

the polar ionosphere (see the bottom of Figure 3). There the plasma flow is directed

from noon towards midnight across the polar area. At the nightside the plasma

convection pattern separates into two different cells (Seki and Nagy (2015)). The

other one turns to flow towards the dusk sector and again circles to noon while the

other one flows vice versa towards dawn before closing at the noon sector.

Some of the energetic plasma sheet particles, mainly the positive ions, will create a

ring current that flows around the Earth (Daglis et al. (1999)). The direction of the

ring current is westward around the Earth. The geometry of the geomagnetic field

causes particles to feel a gradient-curvature drift which makes them circle around

the Earth as the ring current. The ring current reacts to changes in solar wind

conditions and these changes can be seen in the magnetic field observed at Earth’s

surface (Borovsky and Valdivia (2018)). In that way the ground magnetic measure-

ments give us information about magnetic storms, which are global events in the

15



Figure 3: The convection pattern of magnetic flux and plasma in magnetosphere and

ionosphere according to the Dungey cycle. Source: Kivelson, M. G., and C. T. Russell (Eds.) (1995),

Introduction to Space Physics, Cambridge University Press. FIG 9.1, page 229. Reprinted by permission from

PLSclear.

magnetosphere where the ring current is enhanced by increased energy input from

the solar wind.

Some of the plasma sheet and plasma sheet boundary layer (PSBL) particles enter

the polar ionosphere and cause auroras (Borovsky and Valdivia (2018)). This is

due to the fact that the magnetic field lines of the polar ionosphere map to these

areas in the magnetosphere. Very powerful auroras can be seen during magnetic

substorms. Substorms are caused by enhanced convection in the magnetosphere

which demands a southern IMF and usually high-speed solar wind (Lui (2001)).

The full details of magnetic substorms are not yet known. Near-Earth neutral line

(NENL) model is one of the leading models of understanding the substorms (Lui

(2001)). It assumes that a magnetic reconnection happens in the plasma sheet

region in the magnetotail. This causes a fast plasma flow towards the Earth. As

a consequence the cross-tail current gets reduced and diverted along field lines into

the nightside auroral ionosphere. This forms a so called substorm current wedge
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(SCW) where strong horizontal currents flow in the auroral region.

Magnetic flux of the tail lobes is directly related to the polar cap size so increased tail

lobe flux during the substorms widens the polar cap and causes auroras to be seen

in lower latitudes than usually (Asikainen (2020a)). The auroras are not however

observable inside the polar cap area. The solar wind can also enter the ionosphere

through polar cusps where open magnetic field lines make it possible for plasma to

have a direct access to the polar ionosphere (Borovsky and Valdivia (2018)).

Energetic electrons that are trapped in the Earth’s magnetosphere can precipitate

into the atmosphere when they get accelerated to sufficiently high energies (Sinnhu-

ber et al. (2012)). This phenomena is called energetic electron precipitation (EEP).

Electrons originally enter the Earth’s magnetosphere carried by the solar wind and

get stored in the magnetotail or the outer radiation belt (Sinnhuber et al. (2012)).

Energetic electrons stored in the magnetotail are the main source for auroral parti-

cles. As a result of high geomagnetic activity the auroral electrons can be accelerated

to the energies of around 10 keV, which causes them to precipitate into the high-

latitude atmosphere to the altitudes of around 80-130 km (Sinnhuber et al. (2012)).

High geomagnetic activity (caused by e.g. enhanced solar wind speed) and geo-

magnetic storms can also accelerate electrons in the outer radiation belt to the

relativistic energies up to a few MeV and cause them to precipitate into the high-

latitude mesosphere and upper stratosphere (Sinnhuber et al. (2012)). These events

are called energetic electron precipitation events. The mechanism of acceleration is

not yet full-known but it is likely connected to the wave-particle interactions and

plasma waves (e.g. whistler mode waves) (Horne et al. (2009)).

Geomagnetic indices can be used to measure the changes in the geomagnetic field

caused by disturbed electric currents in the magnetosphere and ionosphere. As

geomagnetic activity and energetic electron precipitation are connected, the geo-

magnetic indices can be used as indirect measures for EEP. Next will be introduced

the most important geomagnetic indices and especially the aa-index which is the
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longest running geomagnetic index measuring the deviations of Earth’s magnetic

field components will be introduced.

2.2.1 Geomagnetic K-based indices and the aa-index

The K-based indices, especially the Kp-index, are probably the most used geomag-

netic indices available. Julius Bartels introduced the idea of three-hourly K-indices

already back in 1939 (Bartels et al. (1939)). Let’s examine how the K-indices are

derived.

To determine the K-index one first needs to determine the quiet level of the two

horizontal magnetic field component. The Earth’s magnetic field can be described by

three components in (X,Y,Z)-system: the X-component pointing towards geographic

north, the Y-component towards geographic east and the Z-component being the

vertical component pointing downwards (Matzka et al. (2021)). After the quiet

level is known, one can measure the absolute difference between the K-variation’s

maximum and minimum deviation from that quiet time level for each 3 hour time

interval. Then the maximum range for every 3 hour period is taken in units of

nanoteslas (nT). By using specific conversion tables which are different for every

observatory, values are then converted to quasi-logarithmic K-values which range

from 0 to 9 where 0 indicates low magnetic activity and 9 high activity.

The standardized K-index, the Ks-index, was created to produce a normalized K-

index that removed the systematic differences in K-values between different stations

(Matzka et al. (2021)). Now the planetary K-index, the Kp-index, is more widely

used since it is derived from average Ks-values of 13 geomagnetic observatories

located at mid-latitudes. When Kp-index is converted back to linear nT scale, this

linearised Kp-index is called the ap-index (Asikainen (2020a)). Time series for Kp

and ap indices have been determined since year 1932.

The geomagnetic aa-index has been determined since 1868 and it is also a linearised

version of Ks-indices (Asikainen (2020a)). If the ap-index was derived by using 13
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different observatories, only 2 are needed to derive the aa-index. These two stations

are located in England and Australia and nowadays they are located in Hartland

(HAD) and Canberra (CNB) (Matzka et al. (2021)). They are shown below in Figure

4. The unit of the aa-index is the same as for other indices, a nanotesla (nT).

Figure 4: Distribution of aa observatories. Source: International Service of Geomagnetic Indices. aa

INDEX. http://isgi.unistra.fr/indices aa.php. CC 4.0.

The aa-index is thus a simpler form of the ap-index and it forms the longest running

record of geomagnetic activity to date. The current systems that cause the variations

to different geomagnetic indices are quite complex and it is hard to determine the

exact source of variations. However, the majority of the variations in the aa, ap and

Kp indices can be created by the auroral electrojets flowing in the auroral oval region

and the field-aligned currents (FACs) connecting to that region (Asikainen (2020a)).

Variations may also be caused by the ring current circling the Earth westward in the

magnetosphere as was discussed before. Some smaller sources for variations include

the cross-tail current in the magnetotail and the magnetopause currents.
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3 Earth’s atmosphere

In this chapter some relevant background on Earth’s atmosphere and its phenom-

ena are presented. Especially atmospheric circulations, the polar vortex, Northern

Annular Mode (NAM) and Quasi-Biennial Oscillation (QBO) are discussed more

closely.

Earth’s atmosphere consists of different layers characterised by their thermal struc-

ture (Salby (2012)). A schematic picture of the temperature profile as a function of

height can be found in Figure 5. When studying the NAM-index (see Chapter 3.3.),

altitude in the atmosphere will be expressed as pressure level values depicted in the

figure on the left vertical axis.

Figure 5: Vertical thermal structure of Earth’s atmosphere up to 120km. Source: K. Mo-

hanakumar. Stratosphere Troposphere Interactions: An Introduction. (2008). Springer, Dordrecht. Fig 1.3.

Reprinted by permission from Springer Nature and Copyright Clearance Center.

Troposphere is the lowest layer in the atmosphere where the temperature rises as a

function of altitude (Salby (2012)). This is because the warming effect of the Earth’s

surface decreases as the altitude increases. Troposphere is a place where convective

air motions create weather phenomena and nearly all cloud forms will appear only in
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the troposphere. Tropopause is the boundary between troposphere and stratosphere

and it is located at the pressure level of around 100-150 hPa (Salby (2012)).

Above the troposphere is the stratosphere where the temperature increases as a

function of altitude (Salby (2012)). This effect is caused by the ozone layer that

produces a warming effect by absorption of solar UV-radiation. The temperature

rises until the stratopause is reached. The stratopause is located at the pressure

level of about 1 hPa (Salby (2012)). Other layers include the mesosphere and the

thermosphere. In the thermosphere and upper mesosphere some of the gas is in

ionised form and the ionosphere is thought to start at these altitudes.

The ionosphere can be further divided into 3 regions: D, E and F (Salby (2012)).

The D-region is located at altitudes of around 60-90 kilometres and has the lowest

electron density of these three ionospheric regions. The D-region does also disappear

during night when the ionizing solar UV-radiation is not available. The E-region

appears above the D-region at altitudes of 90-150 kilometres. The Hall conductivity

(perpendicular to the electric field) tends to have high values in the E-region and

thus auroras usually appear in this region (Heelis and Maute (2020)). The F-region

(over 150km) has the largest electron densities with the peak being around 250-350

kilometres depending on geomagnetic activity and geographic latitude (Heelis and

Maute (2020)).

3.1 Atmospheric circulations

The atmosphere is not static but different wave patterns and air circulation modes

encircle the Earth. One important force impacting the wind patterns is the Coriolis

force (Webb (2019)). It is an inertial force that arises in a coordinate system rotating

with Earth and affects moving objects. In the northern hemisphere, the Coriolis force

points to the right relative to the direction of motion. In the southern hemisphere,

the force points to the left relative to the direction of motion.

There exists also pressure gradient forces, which affect air motion in the atmosphere
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(Webb (2019)). The pressure forces are directed so that they point from higher

pressure towards lower pressure. In the atmosphere the air masses typically attain a

balance between the pressure gradient forces and Coriolis forces. Under this balance,

the winds circle the low pressure systems counter-clockwise and the high pressure

systems clockwise in the northern hemisphere (Webb (2019)).

The global wind patterns are depicted in Figure 6 below. The Hadley cell produces

a low pressure sector in the equator where the air rises upwards due to solar heating

(Karttunen et al. (2008)). The air flows away from the equator and descends to the

horse latitudes of 30 degrees North and South of the equator. As a result a high

pressure area is formed at the horse latitudes. The mid-latitude cell or the Ferrel

cell flows between the horse latitudes and mid-latitudes of 60 degrees (Karttunen et

al. (2008), Gray et al. (2010)). From the horse latitudes, the air flows to the mid-

latitudes and rises up again to produce a low pressure sector to the mid-latitudes

of 60 degrees North and South. At the poles the cold air flows down towards the

surface and produces high pressure systems at both north and south poles (Gray et

al. (2010)). The polar cell is thus located between the latitudes of 60 and 90 degrees.

Figure 6: Earth’s global wind patterns. Source: Wikimedia Commons, Kaidor. Website: https://

commons.wikimedia.org/wiki/File:Earth Global Circulation - en.svg. CC 3.0.

There can exist some disturbances in the atmospheric circulation, like planetary
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waves. They are wavelike disturbances that propagate in the atmosphere. The most

important form of planetary waves are the Rossby waves, named after Carl-Gustaf

Rossby (Phillips (1998)), that propagate in east-west direction but also vertically

in the atmosphere, often starting from the troposphere (Zhang et al. (2015)). They

can influence the atmospheric pressure, winds and temperatures which makes them

really interesting. Rossby waves can be generated by air flowing over mountains

or temperature differences emerging between land and ocean surfaces (Gray et al.

(2010)). In the northern hemisphere the amount of planetary waves is usually higher

due to larger land masses compared to the southern hemisphere.

Planetary Rossby waves can propagate from the troposphere to the stratosphere

but only during winter times (Zhang et al. (2015)). During summer the Rossby

waves are practically trapped in the troposphere due to the easterly winds of the

stratosphere. When the winter comes, the stratospheric background flow turns to

westerly and this allows the Rossby waves to pass the tropopause and penetrate into

the stratosphere. The quasi-biennial oscillation (QBO) also alters the propagation

of planetary waves (Zhang et al. (2015)). This will be discussed in more detail later.

The circulation pattern called the Brewer-Dobson circulation is important for ozone

and other trace species transport in the atmosphere (Butchart (2014)). The Brewer-

Dobson circulation, discovered by Gordon Dobson (Dobson and Massey (1956)) and

Alan Brewer (1949), raises the tropospheric air from the equatorial area to the

stratosphere and mesosphere from where the air moves poleward and descends to

mid and high latitudes. At the same time this circulation lifts the ozone rich air

to higher altitudes in the Tropics and carries some of it to the polar areas. During

the winter times an ozone hole can be formed in the polar areas, more commonly in

the southern polar area, and the Brewer-Dobson circulation can help to fill the hole

(Butchart (2014)).

Before discussing the NAM-index and the QBO phenomenon, which are important

topics for this thesis, it is necessary to introduce the polar vortex. The polar vortex

begins to form around the polar stratosphere after the autumn season when the
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amount of sunlight decreases in the polar region (Andrews et al. (1987)). The air

temperature starts to decrease and the air mass becomes denser and descends. The

temperature difference between the polar and mid- and low-latitude air increases

which intensifies the polar jet stream and causes the polar vortex with westerly

winds to form (Zhang et al. (2015)).

Planetary waves can also affect the polar vortex. The westerly wind of the northern

polar vortex can be disturbed by easterly momentum deposited on the flow by the

planetary waves and thus the planetary waves can weaken the vortex (Charney

and Drazin (1961)). The energetic electron precipitation (EEP) can also affect the

vortex due to chemical reactions and following changes in radiative balance of the

atmosphere. Hydrogen oxides (HOx) and especially odd nitrogen oxides (NOx)

can survive long in the atmosphere during the winter and be transported to lower

altitudes within the mesosphere and stratosphere (Salminen et al. (2022)). The

following ozone depletion alters the radiative balance and leads to enhancement of

the polar vortex. Recent research (Salminen et al. (2022)) has shown that suitably

directed planetary wave activity into the polar vortex is also important for allowing

the EEP-driven polar vortex enhancement to take place.

3.2 Quasi-biennial oscillation (QBO)

Among the many variations of wind systems circulating in the atmosphere, one of the

most systematic is the quasi-biennial oscillation (QBO) (Zhang et al. (2015)). In the

equatorial stratosphere there are strong westerly or easterly zonal winds circulating

the Earth. The direction of the wind changes in cycles of about 14 months and

thus one whole QBO-cycle lasts 2-3 years. The origin of QBO phenomenon lies in

the tropospheric gravity waves which propagate upward towards the stratosphere

causing the direction of the wind to change (Zhang et al. (2015)).

In Figure 7 the QBO phenomenon is depicted during time period of 1981-1991. The

westerly (QBO-positive) winds are depicted in red color and the easterly (QBO-

negative) in blue. The winds propagate downwards in the atmosphere as time goes
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on before the beginning of the next phase. These is a significant asymmetry between

these two phases. The maximum value of westerly winds lies around 15-20 m/s while

during the easterly winds the speed can exceed 30 m/s (Zhang et al. (2015)). The

descent of easterly winds also takes more time and is non-uniform compared to the

westerly winds.

Figure 7: Time–altitude plot of monthly-mean, zonal-mean equatorial zonal wind (u)

in m/s between about 20 and 35 km (22 mi) altitude above sea level over a ten-year

period. Positive values denote westerly winds and the contour line is at 0 m/s. Graph

is made by using data from FU Berlin. Source: Wikimedia Commons, Morn. Website: https://

commons.wikimedia.org/wiki/File:QBO Cycle observed.svg. Public Domain.

Although progression of the QBO is usually fairly predictable, for example during

winter 2015-2016 something unexpected happened. As Newman et al. (2016) no-

ticed, there was an anomalous upward displacement during the QBO-westerly phase

between the pressure levels of 15 hPa to 30 hPa. What made it so special was that

it was the first such kind of an event to happen since the start of the data collection

in 1953.

Besides the tropical atmosphere, the QBO also affects the extratropical middle at-

mosphere especially during winter times. The more intense planetary wave activity

is connected to the easterly QBO-phase (Zhang et al. (2015)). During that phase the

zonal wind zero line will be farther north and the planetary waves are forced to prop-

agate more towards the northern polar region and disrupt the polar vortex (Holton

and Tan (1980)). This so called Holton-Tan effect can lead to sudden stratospheric

warming events (SSW) which are more likely to occur during the QBO-easterly
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winds (Labitzke (1982), Salminen et al. (2020)). Since the NAM also quantifies the

behaviour of the polar vortex, it is essential to consider also QBO when studying

the NAM-index.

3.3 Northern annular mode (NAM) and North Atlantic os-

cillation (NAO)

The northern annular mode (NAM) is the dominant mode of atmospheric circulation

variability in the northern Atlantic and Arctic regions (Talley et al. (2011)). The

NAM can also be called arctic oscillation (AO). It is associated with a specific pattern

of wind, temperature and air pressure variability in the atmosphere in middle and

high northern latitudes. A NAM-index can be calculated to describe the NAM

variability. The calculation of indices can be done by using principal component

analysis (PCA) and is further discussed in Chapter 5.1.1. The NAM-index describes

the amplitude of the dominant pattern of the sea level pressure or the geopotential

height.

The phases of the NAM are depicted in Figure 8. Since the NAM has larger vari-

ability during winter and thus the climate effects of the NAM are more clearly

observable during winter, the figure displays the climate consequences of different

NAM phases during winter season. The positive phase of NAM/AO is depicted on

the left. When the NAM-index is positive, westerly polar vortex winds are stronger

due to lower than average air pressure at the polar region and the mid-latitude jet

stream shifts towards north (Talley et al. (2011)). This confines the cold polar air

to the polar region and as a result the winter weather in northern Europe and North

America is usually warm and wet.

In the negative NAM-phase the polar vortex winds get weaker because of higher

than average air pressure at the pole and the westerly jet stream winds get weaker

as well (Talley et al. (2011)). The weaker polar vortex allows cold air to leave the

pole and drift to lower latitudes. This means colder winter temperatures in Europe

and North America.
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Figure 8: The positive and negative phase of AO/NAM. Source: AMAP, 2012. Arctic Climate

Issues 2011: Changes in Arctic Snow, Water, Ice and Permafrost. SWIPA 2011 Overview Report. Page 33.

Reprinted by permission from AMAP.

Although the NAM has much larger effect on the weather during the winter, it may

also have some influences during the warm season. During northern winter the NAM

explains around 21 % of the total variance in atmospheric circulation while during

summer it may be close to 16% according to Thompson and Wallace (2000). Ogi et

al. (2005) showed that the NAM had influenced the heat waves occurring in Europe

in July and August 2003. At that time the summer NAM-index (June, July and

August) had large values which lead to a double-jet stream structure and blockings

in the atmosphere (Hu and Feng (2010)).

This work is mainly focused on the NAM-index but also the NAO-index will be

used. The North Atlantic Oscillation (NAO) describes partly the same phenomenon

as NAM but is defined in a bit different way. The North Atlantic Oscillation de-

scribes pressure anomalies between Iceland and Azores in the northern Atlantic

Ocean (Talley et al. (2011)). The positive NAO-index is characterized as a low

pressure anomaly over Icelandic region and high pressure anomaly over the Azores.

During negative phase of the NAO one can observe a low pressure anomaly near

the Azores and a high pressure anomaly over Iceland. The consequences of these

phases are really similar to the case of the NAM-index. The positive NAO-index

most likely leads to warm and wet winter weather in northern Europe while the

negative NAO causes dry and cold winter weather (Pinto and Raible (2012)). Main
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difference between NAM and NAO is that the NAM describes variability over the

entire northern hemisphere high altitude region, while the NAO is concentrated only

on the Atlantic side of the globe.

Since the NAM/NAO has effects on the winter weather, there should be a good

correlation with regional temperatures as well. Cherry et al. (2005) did find a corre-

lation of 0.6-0.7 between the DJFM (December-March) NAO-index and temperature

in Finland and other Nordic countries for time period of 1987-2002. This is an im-

portant note concerning this thesis since the electricity consumption is thought to

be connected to the NAM-index via temperature.

The NAM/NAO has also been observed to correlate well with the geomagnetic

activity, especially the aa-index. Li et al. (2011) noticed a good correlation between

the DJFM NAO-index and aa-index. With the QBO-phase taken into account

the correlations get even higher. According to Palamara and Bryant (2004) the

correlation between January’s aa-index and the NAM-index is 0.85 when only QBO-

easterly Januaries are included. Also Maliniemi et al. (2016) studied the correlation

between the NAM and the aa in different QBO-phases. Significant high correlations

were achieved during winter times (DJF) when QBO was easterly directed.

In the Figures 9 and 10 below the NAO and NAM/AO time series are displayed

for years 1900-2020. The data is obtained from the Climate Explorer database

maintained by World Meteorogical Organization. Here both data sets are displayed

as DJF-values (mean value of 3 winter months: December, January and February).

The NAO-index is based on pressure anomalies on Iceland and Gibraltar (instead

of Azores) while the NAM/AO-index data based on sea level pressure (SLP) is

calculated from NCEP/NCAR reanalysis data base (years from 1958 forwards) or

data described by Trenberth and Paolino (1980) for years 1900-1957. Notice the

different scaling on y-axis (from -4 to 3 for NAO and from -4 to 4 for NAM).

Both data sets have been seen to correlate pretty well with each other and the

correlation coefficients even up to 0.95 have been achieved (Hamouda et al. (2021)).
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Figure 9: Time series of the seasonal (DJF) NAO-index for time period of 1900-2020.

Source: Climate Explorer database, https://climexp.knmi.nl/start.cgi. Open data.

Figure 10: Time series of the seasonal (DJF) NAM/AO-index for time period of 1900-

2020. Source: Climate Explorer database, https://climexp.knmi.nl/start.cgi. Open data.

However since the NAO is confined to the Atlantic side while NAM includes also

the Pacific side of the globe, it is sometimes useful to study these indices separately

(Talley et al. (2011)). During the last couple of winters both indices have had

positive DJF-values on average. One remarkable structure is a huge negative dip in

both indices during winter of 2010 and this dip has been the strongest negative dip

during the past over 100 years (Ripesi et al. (2012)). The NAM-index even reached

a value of -4.266 in February 2010.
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4 Electricity consumption

According to the Official Statistics of Finland (OSF) (2020a), the energy consump-

tion reached a value of 65 TWh in Finnish households in 2019. The most of this

energy was used to heating houses/apartments (67%), heating water (15%) and

saunas (5%). One-third of this total energy consumption in households was elec-

tricity (22.5 TWh). About 46 % of this electricity was used to heat indoors while

15% was used for heating water and saunas and the rest were consumed by house-

hold appliances. Figure 11 shows the electricity used for heating indoors in years

2009-2020. A slight ascending trend is observable during this time period.

Figure 11: The electricity consumption in households used for space heating. Years
2009-2020. Source: Official Statistics of Finland (OSF): Energy consumption in households [e-publication].

ISSN=2323-329X. Helsinki: Statistics Finland [referred: 18.3.2022]. Access method: http://www.stat.fi/til/

asen/yht en.html. Open data.

Figure 12 shows the total electricity consumption by different sectors in Finland for

years 1970-2020 (Official Statistics of Finland (OSF) (2020b)). The total electricity

consumption has increased greatly with time. The biggest part of electricity is used

by industry and construction. Households and agriculture use the second largest

amount of electricity but nearly the same amount is also consumed by services,

public and other consumption sectors. We are especially interested in the part used

by households since a huge amount of electricity consumed by households is used

for heating as we are going to see.
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Figure 12: The total electricity consumption by sector. Years 1970-2020. Source:

Official Statistics of Finland (OSF): Energy supply and consumption [e-publication]. ISSN=1799-7976. 2020,

Appendix figure 6. Electricity consumption by sector 1970–2020 . Helsinki: Statistics Finland [referred: 18.3.2022].

Access method: http://www.stat.fi/til/ehk/2020/ehk 2020 2021-12-16 kuv 006 en.html. Open data.

The amount of electricity consumed by households (especially for heating) is linked

to the outdoor temperature. Bessec and Fouquau (2008) studied electricity con-

sumption obtained from EUROSTAT during 1985-2000. They found U-shaped re-

lationship between the total electricity consumption and outdoor temperature in

warm European countries (mean temperature above 14◦C). This means that be-

low and above a certain value of temperature, the electricity consumption starts

to increase. In warm European countries electricity is used for heating during cold

times while during warm weather it is used for cooling. For colder countries (mean

temperature below 9◦C)) including Finland and Sweden, the relationship is however

a bit different and the U-shape is not as deep as for warmer countries. This is due

to weaker cooling effect since temperatures are not so high during warm season.

There is still a clear temperature of about 12 − 13◦C where the lowest electricity

consumption is achieved.

Climate data has been used for trying to evaluate and predict electricity consumption

in different countries. For example Pilli-Sihvola et al. (2010) studied the effect

of warming climate on electricity consumption in 5 European countries, including

Finland. They used data from PRUDENCE project to estimate effects of warming

climate up to year 2050. They found that increasing temperatures due to the climate
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change have different effects on different countries depending on their locations. In

northern Europe increasing winter temperatures decrease the electricity demand

because of less electricity needed for heating. During summer rising temperatures

do not greatly affect the electricity demand and thus the net effect is negative. In

southern Europe the electricity demand is likely to increase since warmer summers

lead to increasing need for cooling which cancels out the decreasing need for heating

during winter. Thus the net effect of climate change on electricity consumption is

positive in southern Europe, like in Spain.

Weather forecasts have also been used for predicting electricity demand. For exam-

ple Felice et al. (2015) used ECWMF’s air temperature forecasts to predict electricity

demand in Italy for period 1990-2007. They found a significant correlation between

temperature forecasts issued in May for summer period (June-July) and summer’s

electricity demand. During summer lots of electricity is used for cooling in Italy.

Taylor and Buizza (2003) used 51 weather model ensemble members, including for

example temperature, wind and humidity variables at different heights of the at-

mosphere, to predict 51 scenarios of electricity demand 10 days ahead in England

and Wales. The average of these 51 scenarios was then used as a demand forecast.

It was noticed to produce smaller mean absolute percentage error in forecasts and

thus more accurate results than traditional weather prediction forecasts.

Regarding to this thesis the effect of NAO/NAM to electricity consumption is par-

ticularly interesting. Van Der Wiel et al. (2019) studied four different atmospheric

circulation patterns (NAO+, NAO-, Atlantic Ridge and Scandinavian Blocking) in

Atlantic region during winter months (DJF) and their effects on energy produc-

tion and demand in Europe. They noticed that in the NAO positive and Atlantic

Ridge regimes the energy production by solar and wind energy was higher and in

the NAO negative and Scandinavian Blocking regimes it was lower than normally.

In the NAO negative, Scandinavian Blocking and Atlantic Ridge regimes the en-

ergy demand was however above normal level. Thus they concluded that NAO- and

Scandinavian Blocking regimes may lead to low energy production but high demand
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which can cause higher than normal energy shortfall.

Cherry et al. (2005) studied the correlation between the energy consumption by

hydropower and the NAO-index in Norway. They found a correlation of 0.55 between

these two quantities for winter months (DJFM). The energy consumption data was

provided by Statistics Norway for time period of 1987-2002. Another comparison

was made by Francois (2016). He got a Pearson correlation of 0.62 between the

DJFM wind power penetration rate in Finland and the NAO-index. The result was

even better in case of Norway and England (both 0.73). Norway and the UK are

also being used as reference countries in this thesis.

These results indicate that there might be a linkage between the energy consumption

and the NAM/NAO-index which is one of the research questions of this thesis. Next,

the methods used to study the connection are being presented.
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5 Methods

In this chapter the analysis methods used in this thesis will be presented. First, the

data sets used in this study are introduced. These include the NAM-data (calcu-

lated by the principal component analysis of the geopotential height), the electricity

consumption data, the aa- and QBO-datasets and the temperature data from Fin-

land.

The analysis was based on linear regression analysis and was done in MatLab en-

vironment. Before the analysis it was necessary to remove possible trends from the

data sets.

5.1 The data sets

The NAM-index used in this study is based on the monthly mean geopotential

height from year 1948 onwards obtained from the NCEP/NCAR re-analysis dataset.

NCEP/NCAR re-analysis data is available at NOAA Physical Science Laboratory’s

website at https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.derived

.html for 17 different pressure levels. The geopotential height data was used to cal-

culate the NAM-index via principal component analysis (PCA). Geopotential height

is the height of a certain pressure level measured from surface and it is often pre-

sented as meters. The geopotential height depends on air temperatures and pressure

on the surface level. Generally cold and thus more dense air mass lowers the geopo-

tential height while warm air rises it.

The geopotential height data has a spatial coverage of 2.5 degree latitude x 2.5

degree longitude and covers the entire globe. To examine just the Northern Annular

Mode, it is necessary to consider only the area northward of 20◦N latitude. The data

covers 17 different pressure levels which are 1000, 925, 850, 700, 600, 500, 400, 300,

250, 200, 150, 100, 70, 50, 30, 20 and 10 hPa. This means that altitudes from the

Earth’s surface to the middle stratosphere are included. The monthly anomalies in

each grid point were first calculated from the geopotential heights by subtracting the
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average of each calendar month separately from all corresponding calendar months

before doing the principal component analysis. This will be further discussed in the

next chapter.

The NAO-index data for the time period from 1950 onwards can be found on

https://www.ncdc.noaa.gov/teleconnections/nao/. The data is produced by

NCEP/-NOAA and also calculated with PCA. The NAO-index is obtained when

the loading pattern of NAO is projected to the daily anomaly 500 mbar geopoten-

tial height field over latitudes 0-90 degrees North. The loading pattern describes

the first mode of a Rotated Empirical Orthogonal Function (EOF) when 500 mbar

monthly mean geopotential height anomaly data is used from 1950 to 2000.

The same NCEP/NCAR reanalysis data was also used for analysing temperatures.

The monthly mean air temperature data starting from year 1948 was used in the

analysis. The data covers the whole globe with 2.5 degree latitude x 2.5 degree

longitude global grid, but this analysis considers the average temperature of Finland.

Therefore, the area of Finland was approximated to locate between latitudes of 60-

71 degrees North and longitudes of 21-30 degrees East. The mean temperature in

this area was then calculated and used as the mean temperature of Finland.

The QBO-index is based on the Free University of Berlin data which starts from

1953. The QBO data is based on the monthly mean zonal wind components that

are calculated from daily wind observations of selected stations located near the

equator. The data is can be found on https://www.geo.fu-berlin.de/en/met/

ag/strat/produkte/qbo/index.html. The data is available at different pressure

levels (10-70 hPa) but in this study only QBO-data from 30 hPa level is used. This

pressure level is used because it is located in the middle part of lower stratosphere

at a height of about 25 kilometres.

The geomagnetic aa-index is available at International Service of Geomagnetic In-

dices (ISGI) website (http://isgi.unistra.fr/indices aa.php). The data starts

from 1868 and is determined in 3-hour time intervals normalized to geomagnetic lat-
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itude ±50◦. Since the data is provided in 3-hour time intervals, it’s necessary to

calculate monthly average values of the aa-index.

The electricity consumption data of Finland used in this study was obtained from

Tilastokeskus (Statistics Finland) website. Two types of data sets were used in the

analysis: the electricity consumption in households (yearly values) starting from year

1960 and the total electricity consumption (yearly and monthly values). The yearly

values of the total electricity consumption start from year 1970 and the monthly

values from year 1990. The link for the Statistics Finland’s free-of-charge statistical

databases is https://pxnet2.stat.fi/PXWeb/pxweb/en/StatFin/. In this analy-

sis data from years 1980-2019 were used. Some parts of the electricity consumption

data sets are available for year 2020 or even 2021 too but are not yet confirmed which

is why we chose to only look for the parts of the data that end in 2019. Although for

most of the electricity consumption data sets some data were also available before

the year 1980, these data appeared somehow inconsistent with the latter time period

and were thus left out of the analysis.

For comparison the electricity consumption data sets were also collected from the

United Kingdom and Norway. The United Kingdom’s electricity consumption data

sets are available on Government’s statistics website: https://www.gov.uk/

government/statistics/energy-consumption-in-the-uk. Two data sets were

used as in case of Finland: the consumption in households (yearly) starting from

1980 and the total consumption (all suppliers, monthly) starting from 1995. For

Norway only the yearly data of the electricity consumption in households was avail-

able starting from 1990. It can be found at Statistisk sentralbyr̊a (Statistics Norway)

website (https://www.ssb.no/en/statbank/table/11563/). These two countries

were mainly picked because they are located in a region where NAM has a large

influence on the local weather conditions. Also availability of reliable electricity

consumption data for long enough time period was a important thing to consider in

this decision.
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5.1.1 Principal component analysis (PCA) for calculating the NAM-

index

A NAM-index can be calculated to describe the NAM variability (Salby (2012)).

The calculation of the index is done by using principal component analysis (PCA).

Principal component analysis transforms partly correlated data variables to linearly

uncorrelated variables which are called principal components (PC) (Von Storch and

Zwiers (2002)). In addition to PCs the principal component analysis gives associated

empirical orthogonal functions (EOF), whose values indicate the weights by which

the associated PC contributes to each individual data series (Von Storch and Zwiers

(2002)).

In principal component analysis every data series is displayed as a linear combination

of PCs which are weighted by EOFs (Jolliffe and Cadima (2016)). Let’s assume that

we have m number of data series and each series includes n number of data points.

A data matrix X with size of n × m can be displayed as X = PV T where P is

n×m matrix including the principal components as columns and V is n×m matrix

including the EOFs/principal axes as columns. The principal components do not

correlate with each other and all EOFs are orthogonal. The amount of PCs and

EOFs is the same as the number of data series.

A singular value decomposition (SVD) is used to get the principal components and

EOFs from the data matrix X (Jolliffe and Cadima (2016)). SVD decomposes the

data matrix X into U, S and V matrices by using equation X = USV T . Here X is

now the data matrix of monthly averaged geopotential height where the data series

have been centered by substracting from each series its mean value, U is n × m

unitary matrix with orthogonal columns, S is m × m diagonal matrix of singular

values and V is a matrix including the NAM EOFs as columns. The multiplication

of U and S matrices produces the principal components as P = US and thus the

data matrix can be presented as X = PV T .

Since the geopotential height data used in the PC analysis is determined on spherical
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surface of Earth, each grid point of data is weighted by a factor
√
cos(λ) where λ

is the latitude of the grid point which weights each grid box by its area in the

PCA(Von Storch and Zwiers (2002)). This will be done by multiplying geopotential

height data with these factors before doing the SVD. The monthly anomalies are also

calculated by substracting the mean value from monthly values for each calendar

month. The PCA will be done for a reference period of 1979-2000 and EOFs will be

obtained for this time period. These EOFs are then used with the whole data period

to calculate the monthly NAM. The monthly NAM-indices can be determined by

projecting the monthly mean geopotential height anomalies at a chosen pressure

level onto the leading EOF pattern. A standardised projection U = XV S−1 is

used to calculate the NAM-index where X is the data matrix containing all data,

V contains the EOFs but only the first column will be used to calculate the NAM

index and S is the diagonal matrix from which only the first value will be needed

(Jolliffe and Cadima (2016)). Thus principal component vector U containing the

standardised PCs includes the values of the NAM-index.

This principal component analysis is done separately to all pressure levels to obtain

the NAM-index at the different altitudes. The resulting NAM-patterns for the

different pressure levels are presented below in Figure 13.

One can observe the patterns varying a lot in different pressure levels. The low

geopotential height area (low pressure in ground level) on the northern pole is ob-

servable in every pattern. In the troposphere areas of higher than average geopo-

tential height (high pressure at surface) are located in the Europe and Northern

Atlantic but also in Northern Pacific area around 60 degree latitude. In the strato-

sphere the high geopotential height areas get weaker and the low geopotential area

over the pole dominates the patterns.

The time series of the NAM-index of 1000 hPa pressure level is presented below in

Figure 14. The NAM-index is calculated for time period of 1981-2019 as a December-

February average value (DJF).
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Figure 13: The NAM-patterns (1. EOFs of the geopotential height anomaly) in different

pressure levels (hPa).
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Figure 14: The DJF averages of the NAM-index for 1000hPa pressure level.
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One can see that the wintertime NAM-index varies quite a lot around zero value

from one year to the next. The minimum value is obtained in winter of 2010 which

is consistent with observations in Chapter 3.3. The maximum value of the order of

5.3 is obtained in winter of 1989.

5.1.2 Removing trends from the data sets

Before starting the analysis, it is necessary to remove possible trends from the data

sets. We are focused on inter-annual changes of the data so long-term trends need

to be removed before the analysis. These kinds of long-term trends can be for

example due to global warming effect or changes of the solar activity. The electricity

consumption trends are connected to increasing amount of electricity consumed over

the years by households and society.

Trend removal is done by removing a linear trend from the aa-index and temperature

data sets and a smoothed trend from the electricity consumption data. Different

methods are used since the electricity consumption data clearly has a non-linear

trend while others have a linear trend.

MatLab’s detrend-function removes a linear straight-fit line from the data. This

method was used for the whole aa data set and for the Finland’s average temperature

and the temperature data of all individual grid points. There exists a descending

trend in the aa-index for years 1980-2019. The aa-index with the trend is plotted

in Figure 15. This linear descending trend is removed from the data before using

the aa-index in the analysis. In addition to the trend the aa-index shows solar cycle

variation peaking in the declining phase of the sunspot cycle.

In a big picture all monthly temperatures of Finland have an increasing trend. This

is due to the global warming effect which has increased the temperatures especially

during the last couple of decades. However the steepness of trends varies with

the calendar month. Temperatures also have more variation during winter months.

For example, the difference between the coldest (1985) and the warmest (1990)
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Figure 15: Trend removal for the aa-index.

February is 16◦C. In case of July the difference is only 7◦C when the warmest July

(2018) had a mean temperature of nearly 20◦C and the coldest (1996) 13◦C. Since

temperatures have a large seasonal cycle the temperature trend was calculated and

removed separately for each calendar month.

The DJF-values of Finland’s temperature are presented Figure 16. The tempera-

ture trends have been removed from Decembers, Januaries and Februaries before

combining them to DJF-values and thus these values represent anomalies from the

average level.

The DJF temperature anomalies vary between -5◦C and +4◦C. Cold temperatures

have been measured in winters 1985-1987 and also in the beginning of 2010s. During

winter of 2008 the temperature anomaly rose to nearly +4◦C. Warm winters have

also been observed in the 1990s.

For the electricity consumption a more sophisticated method estimating a smoothly

changing trend called ’LOWESS’ was used (Cleveland and Devlin (1988)). ’LOWESS’

uses weighted linear least squares and a first degree polynomial model to smooth

the data around each original data point in the series. The result depends on the

span parameter, which describes the fraction of the total number of data points used
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Figure 16: Finland’s temperature (DJF). Trends have been removed from all months

separately before combining to DJF-value.

in smoothing. The span value was set to 0.25 since it produced the best correla-

tion (the most negative) between the NAM-index of 1000hPa level (DJF-value) and

the yearly electricity consumption in households. This is demonstrated in Figure

17 below, which shows the correlation for different values of the smoothing span.

The same trend removal by smoothing is used for all electricity consumption data:

households, total yearly and total monthly. This is because of an observation that

the correlation between the NAM-index and electricity consumption is better when

the trend is removed by smoothing from all data than just from DJF-values.

The yearly electricity consumption data sets (households and total) with trend lines

are pictured in Figure 18. These trends are removed before studying the inter-

annual variations and comparing the temperature and NAM data. For the monthly

electricity consumption data, values before year 1990 need to be indirectly estimated

and this is discussed in more detail in Section 6.2.

As it can be seen, the electricity consumption values are of the order of 104 GWh.

The total electricity consumption values are certainly bigger than the household

values since the total value also includes the consumption by industrial sector. The

trends are highly increasing during the time period. However, in case of the total
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Figure 17: Pearson correlation coefficient between the yearly electricity consumption in

households and the NAM-index of 1000hPa (DJF) in different span-values.
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Figure 18: The electricity consumption in Finland, 1980-2019

electricity consumption the trend seems to flatten in the 2000s but in case of the

household values the trend continues increasing. This is most likely due to decreased

electricity consumption in industrial sector.

5.2 Linear regression analysis

The main statistical analysis method used in this thesis is the linear regression

analysis. This analysis method tries to explain the behaviour of a response variable
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by using one or more explanatory variables. In this study we use only regression

models with one explanatory variable.

A linear regression model with one explanatory variable can be described by the

equation below:

yi = a+ bxi + εi, i = 1,2,...n, (1)

where yi is the response variable, xi is the explanatory variable, a is the intercept

term, b is the regression coefficient for explanatory variable, εi is the residual term

and index i goes through all data points in the series from 1 to n (number of points)

(Armitage et al. (2002)).

The regression coefficients a and b are unknown so they need to be determined.

There exists several different methods for how this can be done but the most well-

known is the least-squares method (Armitage et al. (2002)). This method determines

the regression coefficients by minimizing the sum of the squares of the residuals.

However, in case of this thesis an iterative least-squares method called the Cochrane-

Orcutt algorithm was also used and this will be in detail described in the next

chapter.

The results of linear regression analysis can be used to calculate the correlation

coefficients and corresponding p-values, which indicate the level of statistical signif-

icance (Armitage et al. (2002)). The Pearson correlation coefficient describes the

linear relationship between two variables. The Pearson correlation coefficient can

be calculated from the equation:

r =
Σ(xi − x)(yi − y)√
Σ(xi − x)2Σ(yi − y)2

, (2)

where yi and xi are the response and explanatory variables and y and x are the

sample means of those variables (Armitage et al. (2002)).

The correlation coefficient can have negative or positive values between -1 and 1

(Armitage et al. (2002)). If the correlation coefficient is positive, there exists a pos-

itive relationship between the variables. If the coefficient has a value of zero, the
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variables do not have a linear relationship at all. The negative values of the cor-

relation coefficient indicate an opposite relationship between the variables. Overall

the bigger the absolute value of the coefficient the better linear relationship exists

between the variables (Schneider et al. (2010)).

The p-value is used to measure the significance of the correlation coefficient. Usu-

ally p-values below 0.05 are considered to be statistically significant. The p-value

quantifies the probability of the observed data given a certain null hypothesis (Wilks

(2011)). A typical null hypothesis is that there is no correlation between the vari-

ables. The p-value then tells how likely it is to obtain the observed correlation if

the null hypothesis is true. This is done by calculating so called test statistic. The

p-value describes the probability to have the same or more extreme test statistic

than the observed value of the test statistic (Wilks (2011)). The test statistic t for

Pearson correlation coefficient is:

t =
r√

(1− r2)/(N − 2)
, (3)

where r is the correlation coefficient and N is the number of data points. This statis-

tic follows with N-2 degrees of freedom, i.e. Student t-distribution t ∼ Student(N−

2) (Armitage et al. (2002)).

Confidence interval is a range of values which indicates that the estimate will be

inside this range with a given probability (Wilks (2011)). Usually a confidence

interval of 95% or 90% will be used. For linear regression model the confidence

interval of 90% can be calculated as:

Y ± tn−2,0.95s0

√
1/n+

(x0 − x)2

Σ(x− x)2
, (4)

where t is a value of Student t distribution with N-2 degrees of freedom where the

cumulative probability exceeds 0.95 (corresponding to two-tailed 90% confidence

interval), s0 is the standard deviation of the residuals of the regression, x0 is a given

value of explanatory variable x and x is the sample mean (Armitage et al. (2002)).

The linear regression analysis was done by using MatLab’s fitlm-function. The
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correlation coefficients and corresponding p-values can be further calculated by using

MatLab’s corr-function or corrcoef-function that also returns the confidence intervals

of correlations.

5.2.1 Cochrane-Orcutt method

The regression coefficients are calculated by the so called Cochrane-Orcutt algorithm

if there exists some autocorrelation in residuals. The Cochrane-Orcutt algorithm

was developed by Donald Cochrane and Guy Orcutt in 1949 (Cochrane and Orcutt

(1949)).

In the normal least-squares regression of Equation (1) the residual term εi is thought

to be uncorrelated, normally distributed noise. However if there exists some auto-

correlation in the residual term, the assumptions of independent residuals in the

least-squares method do not hold and the results may be biased and their statisti-

cal significance is incorrectly estimated (Asikainen et al. (2020b), Maliniemi et al.

(2018)). In the Cochrane-Orcutt method the residual is modelled as

εi = ρεi−1 + ei, i = 1,2,...n, (5)

where ρ is the autocorrelation of the residual at lag 1 and ei is now the normally

distributed uncorrelated noise (Asikainen et al. (2020b), Maliniemi et al. (2018)).

When using this expression for the residual, the equation describing the regression

model becomes:

yi − ρyi−1 = a(1− ρ) + b(xi − ρxi−1) + ei, i = 1,2,...n, (6)

where yi and xi are the response and explanatory variables as before and a and b

are the regression parameters (Asikainen et al. (2020b), Maliniemi et al. (2018)).

The regression parameters of Equation (6) can be obtained iteratively. First we

need to solve the residual autocorrelation term ρ (Asikainen et al. (2020b)). It can

be done by first using the normal regression equation (Equation (1)) to get the

residual time series εi and then using these residuals in Equation (5) to obtain ρ.
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After that we can use ρ in Equation (6) to get the new regression parameters a

and b. Note that in fitting Equation (6) the response and explanatory variables

are yi − ρyi−1 and xi − ρxi−1 respectively. Then we can use these new regression

parameters in Equation (1) again to get the new residual time series and obtain

new value for ρ. This process can be repeated as many times as needed until the

regression parameters converge to their final values (Asikainen et al. (2020b)).

When the regression parameters are estimated, it is possible to calculate their vari-

ances and statistical significances (p-values) using the standard two-tailed Student’s

t-test. This is possible because in Equation (6) the regression term is uncorrelated

which makes it possible to use Student’s t-test. The Cochrane-Orcutt method is

used in this thesis to eliminate the influence of autocorrelated residuals, which often

is a problem when analysing time series data with regression methods.
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6 Results

In this chapter the results of the analysis will be presented. First we show that there

exists a good correlation between Finland’s temperature and the NAM-index which

justifies the analysis between the NAM-index and the electricity consumption. The

analysis is made for yearly data of the electricity consumption in households and

monthly data of the total electricity consumption. In the end the relation between

the aa-index describing the geomagnetic activity and electricity consumption will

also be discussed. The results of the analysis made with the NAO-index will also be

presented.

The main assumption is that the most of electricity consumption is spent to heat

living spaces. This was discussed earlier in Chapter 4. Since the amount spent for

heating is greatest during winter, it is justified to study only the winter months.

To study the connection between the NAM-index and the electricity consumption

in winter months it is necessary to evaluate the temperature first. If the NAM-

index correlates well with the temperature during winter and so does the electricity

consumption, the link between them is then observable. Also since the NAM-index

has a well-known correlation with the aa-index, we study electricity consumption’s

correlation with the geomagnetic activity, which is one of the main themes of this

thesis.

6.1 The relationship between NAM-index and temperature

The analysis was made between the DJF averages of Finland’s surface temperature

calculated from the NCEP/NCAR reanalysis data and the NAM-index. First trends

were removed as described in Chapter 5. A linear trend was removed from the

temperature data using a first degree polynomial fitting. This was done for each

month separately because different months have different temperature trends. The

analysis period was set to time period of 1980-2019 (40 points total).

First the Pearson correlation coefficient between the NAM-index at different pressure
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levels and Finland’s surface temperature was evaluated for winter time DJF average

values. The correlation was also evaluated in different QBO-phases. The QBO used

for separating the winters to the two phases was taken from February (F). There

turned out to be 16 QBO-negative and 24 QBO-positive Februaries in the data sets.

Thus there are relatively more QBO-positive points in the analysis.

The Figure 19 shows the correlation coefficients and corresponding p-values in dif-

ferent pressure levels. At surface on the pressure level of 1000 hPa the Pearson

correlation coefficient value was around 0.77 for all data and QBO- and QBO+

phases individually. The p-value measuring the statistical significance is also quite

small, around 1.3 · 10−5. Thus there seems to be no difference whether we include

only QBO-negative or QBO-positive DJF-values in 1000 hPa pressure level. The

results thus show that near the surface the NAM-index correlates fairly well with

Finland’s temperature.

The differences between QBO-phases, however, change when considering the NAM

at higher altitudes (lower pressure levels). For example, at 300 hPa the data from

QBO-negative periods produce much better correlation (r = 0.73 and p = 0.001)

than the data from QBO-positive periods (r = 0.49 and p = 0.02). Although, the

difference in the correlations is not quite statistically significant as evidenced by the

90% confidence limits of the correlations indicated in Figure 19.

Next we examined the correlation between NAM and Finland’s temperature indi-

vidually for every calendar month. The data were separated by the QBO-phase

and the QBO was taken from the same month. The NAM-index was taken from

the surface level of 1000 hPa since this level showed the best correlation with the

temperature as studied above. Plots showing the correlations and corresponding

p-values are depicted in Figure 20.

As can be seen the correlations are better for winter months than for summer months.

Also the QBO-phase seems to affect the correlations differently in different months.

The best correlation of nearly 0.9 is obtained in December during westerly QBO.
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Figure 19: The NAM-index and Finland’s surface temperature (anomaly), DJF.

The best QBO-negative months are however February and March. The correlation

between the temperature and the NAM-index is the worst in July during easterly

QBO. The worst QBO-positive month is September when the correlation coefficient

reaches a level of 0.1 and the p-value is as high as 0.7. If we use a p-value of 0.05 as

a limit for statistical significance, only winter months reach values lower than this

and can thus be considered to be significant.
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Figure 20: The correlation (a) and corresponding P-values (b) of NAM-index

(1000hPa) and Finland’s surface temperature (anomaly) as a function of calendar

month

Let’s now examine the NAM/temperature relation individually for December, Jan-

uary and February. Also it should be noted that the correlation is fairly good for

March too. However later analysis showed that the DJFM-average of the NAM-

index does not correlate so well with the electricity consumption which is why only

the DJF-values are used in this analysis. The QBO was taken from every calendar
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Table 1: The Pearson correlation coefficients and p-values between Finland’s tem-

perature and the NAM-index in different months.

December January February

QBO- r = 0.58 (p = 0.008) r = 0.55 (p = 0.01) r = 0.77 (p = 0.0005)

QBO+ r = 0.88 (p = 4.4 · 10−7) r = 0.80 (p = 2.1 · 10−5) r = 0.46 (p = 0.02)

month separately. The Pearson correlations and corresponding p-values in different

QBO-phases are listed in Table 1.

It is interesting to notice that for December and January the data taken from QBO-

positive phases produce better correlation than the data from QBO-negative phases.

However in case of February the situation turns to opposite. The situation where

the QBO is taken from February for Januaries and Decembers was also studied as

well. The correlations were slightly lower in that case but not significantly. Still the

QBO-phase seemed to affect the correlations the same way as in Table 1. The reason

for this phenomenon leads to the different temperature pattern of the NAM-index

in different QBO-phases. This will be discussed more in the next section.

6.1.1 Correlation maps

To study the correlation between the temperature and the NAM-index at 1000 hPa

level (surface) in different QBO-phases more closely, we made maps displaying the

Pearson correlation coefficients of those quantities in the northern hemisphere. Now

the temperature is not just Finland’s temperature but the temperature at latitude

and longitude grid points given by NCEP/NCAR reanalysis data. The correlation

between the temperature time series at each point in the map and the NAM-index

time series of 1000 hPa level was then calculated. Because the NAM-index appears

in the Northern Hemisphere, the maps are designed to show all latitudes larger than

20 degrees North. A linear trend is removed from the temperature data separately

for December, January and February as described in Chapter 5. The time period

used in these maps is the same as before, from 1980 to 2019.
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Figure 21 shows the correlation of DJF-values of the NAM-index and temperature

with and without QBO-phases taken into account. The colorbar on the side shows

the Pearson correlation coefficient r and p-values are marked as dashed lines. Pink

dashed line encircles the area where p < 0.05 and the white line area where p < 0.1.
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Figure 21: The correlation maps between DJF-averages of NAM-index of 1000 hPa and

surface temperature anomalies in 1980-2019. Pink dashed line: p < 0.05, white dashed

line p < 0.1. Panels from up to bottom indicate all QBO-phases (a), QBO-negative (b)

and QBO-positive (c).

Over Finland (latitudes 60 − 70◦ N and longitudes around 20 − 30◦ E) this map

confirms that the correlation coefficient is around 0.8 and statistically significant

with or without taking the QBO-phase into consideration. However, the situation
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does not stay the same everywhere and for example in northern Pacific ocean the

pattern changes quite a lot between the two QBO-phases. During the QBO-negative

phase we observe high statistically significant correlation in the northern Pacific

ocean while the correlation turns to almost zero during the QBO-positive phase.

The general pattern seems to be so that there are negative correlations over North

Atlantic and in Northern Africa while a positive correlation dominates in Eurasia

between these regions.
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Figure 22: The correlation maps between December-values (D) of NAM-index of 1000

hPa and surface temperature anomalies in 1980-2019. Pink dashed line: p < 0.05, white

dashed line p < 0.1. Panels from up to bottom indicate all QBO-phases (a), QBO-negative

(b) and QBO-positive (c).
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Since in the previous section it was noticed that the correlation between NAM and

Finland’s temperature changes in different QBO-phases in different winter months,

let’s study also here each winter month separately. First let’s consider the data only

from December. The corresponding correlation maps are shown in Figure 22.
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Figure 23: The correlation maps between January-values (J) of NAM-index of 1000 hPa

and surface temperature anomalies in 1980-2019. Pink dashed line: p < 0.05, white dashed

line p < 0.1. Panels from up to bottom indicate all QBO-phases (a), QBO-negative (b)

and QBO-positive (c).

Now it is noticeable how the correlation is stronger over Finland in the QBO-positive

phase than in the QBO-negative phase. During the QBO-negative phase there are

also some statistically insignificant parts over Finland while during the QBO-positive
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phase the whole Finland and Scandinavia is inside of an area restricted by pink

dashed line (p < 0.05). It is therefore likely that the dominant geopotential height

pattern (i.e. the NAM loading pattern), which influences the temperature patterns,

might be different in different QBO-phases.
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Figure 24: The correlation maps between February-values (F) of NAM-index of 1000 hPa

and surface temperature anomalies in 1980-2019. Pink dashed line: p < 0.05, white dashed

line p < 0.1. Panels from up to bottom indicate all QBO-phases (a), QBO-negative (b)

and QBO-positive (c).

The situation in January (Figure 23) is very similar to the one in December. We

observe a worse correlation in the QBO-negative phase than in the QBO-positive

phase over Finland. It can be seen that during the QBO-negative phase the cor-
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relation especially in northern and middle parts of Finland is not so high and not

statistically significant. During the QBO-positive phase the whole Finland is again

within an area of good correlation and small p-value.

Then in February the situation seemed to be opposite to December and January.

A worse correlation was obtained in the QBO-positive phase when compared to

the QBO-negative phase. Figure 24 shows the correlation maps in February and

confirms the results that we got above.

Now we observe a huge red area of good correlation over whole Finland and Scan-

dinavia when the QBO is negative. During the QBO-positive phase the most of

northern Finland is within an area of relatively low correlation and even the corre-

lations in southern Finland are weaker although still statistically significant.

Same kind of phenomenon is actually also observable in the Northern Atlantic Ocean

and Caribbean. We have a good correlation between local temperature and the

NAM-index in February in those regions but only during the QBO-negative phase.

During the QBO-positive phase there is hardly any correlation at all.

6.1.2 The NAO-index and temperature

The analysis was also made by using the NAO-index instead of the NAM-index.

Whereas the NAM-index data was available for different pressure levels, the NAO-

index is only determined on the surface level. The NAO-index was more discussed

in Section 3.3. No significant trend in the NAO index was observed so no trend

was removed before the analysis. Trends have been removed from temperatures as

before. Let’s examine the relation between the NAO-index (DJF) and Finland’s

surface temperature (DJF) in the same time period of 1980-2019 as before. The

results are shown in Table 2 below.

The correlations are positive as in case of the NAM-index. Thus, the more positive

the NAO-index the higher the temperatures are in Finland. The best correlation

can be found for QBO-positive winters (QBO is taken from February as before).
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Table 2: The Pearson correlation and corresponding p-values between the NAO-

index and the Finland’s surface temperature (DJF).

all QBO- QBO+

r = 0.66 r = 0.59 r = 0.76

p = 4.2 · 10−6 p = 0.017 p = 2.2 · 10−5

P-values are below the significance level of 0.05. It is noticeable that the difference

between QBO-negative and QBO-positive phases is quite large. With the NAM-

index there was hardly any difference at all at the surface level of 1000 hPa.

However, when not using the DJF-averages but each winter month separately in

the analysis, the same kind of result can be seen as in case of the NAM-index. In

December and January the data only from the QBO-positive winters produce the

best correlation but in case of February it is the QBO-negative winter that gives the

best result. These monthly correlation coefficients and corresponding p-values are

shown in Table 3 below.

Table 3: The Pearson correlation between Finland’s temperature and the NAO-

index in different months.

December January February

QBO- r = 0.39 (p = 0.093) r = 0.59 (p = 0.0059) r = 0.66 (p = 0.0052)

QBO+ r = 0.64 (p = 0.0022) r = 0.62 (p = 0.0034) r = 0.59 (p = 0.0025)

The difference between QBO-phases is however quite small at least in Januaries. In

Februaries the difference in correlations between different QBO-phases is observable

but not as high as in Decembers. The correlations are overall a bit worse than when

studying the NAM-index. For example, before we got a correlation of 0.88 between

the temperature and the NAM-index in December but now the correlation is much

worse (0.64).
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6.2 Total electricity consumption and temperature

Let’s study the relation between the electricity consumption in Finland and Fin-

land’s temperature. For this analysis monthly electricity consumption data is needed

because a close relationship is expected mostly in the winter season. Ideally it would

have been useful to use the data for electricity consumption in households but this

was unfortunately available only as yearly data. Thus, we need to use the total elec-

tricity consumption data which includes data for households but also for industrial

sector.

Total electricity consumption dataset was available as yearly data from 1980 to 2019

and as monthly data from 1990 to 2019. The goal is to study first the correlation

between the monthly temperature and total electricity consumption in 1990-2019

and then, if the correlation is good enough, produce a model that would allow one

to estimate the monthly values of total electricity consumption for years 1980-1989.

Then we would have longer time period available for the analysis with possibly

better statistical significance and we could also compare the yearly values with the

monthly ones.

Trends were first removed from both datasets. The trend removal for Finland’s tem-

perature data was made as described before but for the total electricity consumption

a non-linear trend was removed. This is because it is not possible to describe the

trend in a single linear form.

As explained in Section 5.1.2 the trend was estimated by smoothing the yearly

total electricity consumption data. The span value which describes the fraction of

points used in smoothing was set so that it produces the best correlation between

the NAM-index (DJF-value) and total electricity consumption (yearly). When the

correlations for different span-values were being studied, the best result (r = −0.48)

was obtained with a span value of 0.25. It should also be noted that the span of

0.25 produces also the best correlation between Finland’s temperature (DJF) and

yearly total electricity consumption (r = −0.65). This same span value is then also

59



used when removing trend from the monthly data.

After removing the trends the Pearson correlation coefficient and corresponding p-

values between Finland’s monthly temperature and total electricity consumption

were calculated for different months in 1990-2019. The correlations are also calcu-

lated in different QBO-phases. The results are depicted in Figure 25.
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Figure 25: Finland’s temperature and total electricity consumption, 1/1990-12/2019

Not so surprisingly the best correlations and smallest p-values are obtained dur-

ing late fall - winter (October-March). The correlations are negative so when the
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temperature falls during the winter, the electricity consumption rises. This seems

reasonable given that a large fraction of the electricity consumption goes to heating

houses.

Correlations are rather good during winter months (between -0.7 and -0.9) and p-

values are below 0.01 so the electricity consumption in these months could be fairly

well estimated with monthly temperatures. In December the relation gives a corre-

lation coefficient of -0.78 (p-value: 4.3 · 10−7) between the December’s temperatures

and total electricity consumption. For January and February the corresponding cor-

relations are -0.73 (p-value: 4.5 · 10−6) and -0.84 (p-value: 7.1 · 10−9) respectively

(see also Table 4). The QBO-phase also affects the results slightly but during winter

months (DJF) the difference is relatively small.

Let’s then make a linear regression model for Finland’s monthly temperature from

1990 to 2019 and the monthly total electricity consumption. The model is made

for each month separately via linear regression (see Section 5.2). As a result we get

regression parameters a and b for each month and we can use them to estimate the

missing monthly electricity consumption values from 1980 to 1989.

While the correlations are good and allow relatively accurate estimates of electric-

ity consumption for winter months, similar estimation does not work for summer

periods. For example in July the correlation between the temperature and the to-

tal electricity consumption is only 0.05 with p-value of 0.78. Thus the summer

temperatures do not produce accurate values for the summer electricity consump-

tion. Therefore, here we only concentrate on the winter months from December to

February.

When calculating the correlations, it is important to take into account the uncer-

tainty (residual variance) of the estimated values. Otherwise the correlations will be

overestimated as the estimated average values in 1980-1989 correlate perfectly with

the temperature.
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The regression equation for Finland’s monthly temperature and monthly total elec-

tricity consumption in 1990-2019 has the form E = a + b ∗ T , where E is the

electricity consumption, a and b are the regression coefficients and T is Finland’s

temperature. The residuals are calculated by subtracting the modelled value E from

the real data of total electricity consumption. This is done separately for every cal-

endar month. The residual variation for the estimated values is taken into account

by first computing the standard deviations of the residuals of the monthly models

using data from 1990-2019. Then, a Monte Carlo simulation of 10 000 repetitions

is made to generate new random values for the residuals from a normal distribution

with a standard deviation corresponding to that of the model residuals. These new

residuals are then added to the values estimated from the linear monthly models.

When we use these new estimates of the total electricity consumption for 1980-

1989 with the added residuals and combine these estimated values to the original

data set within the same Monte Carlo loop of 10 000 repetitions, we can calculate

the resulting correlations and p-values for the Finland’s temperature and the total

electricity consumption in winter months as mean values of these repetitions. The

results are listed in Table 4.

Table 4: The Pearson correlation coefficients and p-values between Finland’s tem-

perature and total electricity consumption, 1980-2019 (80-19) and 1990-2019 (90-19).

December January February

all 80-19 r=-0.765 (p = 4.2 · 10−8) r=-0.806 (p = 1.2 · 10−8) r=-0.845 (p = 1.5 · 10−10)

all 90-19 r=-0.778 (p = 4.3 · 10−7) r=-0.731 (p = 4.5 · 10−6) r=-0.839 (p = 7.1 · 10−9)

QBO- 80-19 r=-0.736 (p = 3.5 · 10−4) r=-0.816 (p = 4.0 · 10−5) r=-0.897 (p = 1.0 · 10−5)

QBO- 90-19 r=-0.750 (p = 0.0013) r= -0.716 (p = 0.0018) r=-0.905 (p = 4.9 · 10−5)

QBO+ 80-19 r=-0.792 (p = 1.3 · 10−5) r=-0.805 (p = 4.5 · 10−6) r=-0.811 (p = 1.7 · 10−7)

QBO+ 90-19 r=-0.814 (p = 0.0002) r=-0.765 (p = 0.0014) r=-0.768 (p = 1.9 · 10−4)

In case of December no big differences are observed when comparing the data sets

of 1990-2019 and 1980-2019 containing the estimated values. In December the cor-
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relations are better during QBO-positive time periods. P-values are small especially

for data points that contain all years, which was expected when more data points

are added to the analysis.

Bigger differences can be seen in January. The correlations get better when esti-

mated values are included in the analysis. Especially QBO-negative correlations get

much better and thus more negative. P-values are also smaller due to more data

points included in the analysis. It is interesting to notice that during time period of

1990-2019 the correlations are better in the QBO-positive phase but during 1980-

2019 with estimated values the QBO-negative correlations are a bit better than the

QBO-positive ones. Overall, the differences in January can be explained by a few

outlier data points whose significance will diminish when more data points are added

to the analysis.

In case of February the estimated points seem to improve the analysis in the QBO-

positive phase but not in the QBO-negative phase. During the QBO-negative phase

the correlations are overall a bit better than in the QBO-positive phase.

The measured monthly values of the total electricity consumption (orange color)

are depicted in Figure 26 with the estimated values from 1980 to 1989 (blue color).

The trends are calculated by smoothing as in case of yearly electricity consumption

values. Before further analysis, the trend curve is removed from the data. As

the temperature anomalies used to construct the estimated electricity consumption

values do not have a trend, the trend for the estimated values is calculated by linear

extrapolation of the known trend based on measured values. The trend seems to be

increasing until year 2005 and after that it is flattened until the end of the analysis

period.

Now we can use these new monthly total electricity consumption values from 1980 to

2019 to study the relation between the DJF-values of the Finland’s temperature and

the electricity consumption. For all data a good correlation of -0.76 (p=5.3 ·10−8) is

obtained. With the QBO separation the correlations are -0.86 (p=4.7 · 10−5) for the
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Figure 26: The total electricity consumption, monthly estimates and real values

with trend lines

QBO-negative time periods and -0.70 (p=3.2·10−4) for the QBO-positive times. The

QBO is taken from February as before. The correlations and p-values are calculated

in Monte Carlo loop of 10 000 repetitions as the monthly correlations and p-values

and the final values are taken as the mean values of the repetitions.

Differences in correlations between different QBO-phases could be due to colder

temperatures during the QBO-negative winters, but the difference is not statistically

significant (p = 0.20). In December, however, the difference in temperatures in

different QBO phases is marginally statistically significant (p = 0.07 < 0.1). This

will be more discussed in Chapter 7. The statistical significance was evaluated in

a Monte Carlo loop that calculates the difference between correlations obtained

for two randomly selected groups of data, which contain the same number of data

points as the QBO- and QBO+ groups. The p-value is then the proportion of such

repetitions where the correlations differ more than what is observed for the real

QBO- and QBO+ groups.

Let’s now study the relation between the total electricity consumption and the

NAM-index by using this new data set for monthly total electricity consumption.
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6.3 Total electricity consumption and the NAM-index

The analysis between the total electricity consumption and the NAM-index was

made by linear regression (see Section 5.2). It should be noted that a linear re-

gression model which takes into account the possible autocorrelation in residuals

(see Section 5.2.1 on the Cochrane-Orcutt method) was also tested but its results

did not differ from a regular linear regression model and thus indicated that no

residual autocorrelation was present. The analysis period was from 1980 to 2019.

The regression parameters of the linear regression model were calculated with the

DJF-average of the NAM-index as an explanatory variable and DJF-average of the

total electricity consumption as the response variable. The same analysis was made

for data in different QBO-phases.

The results for the Pearson correlation and corresponding p-values between the total

electricity consumption and the NAM-index at different pressure levels are depicted

below in Figure 27a and the corresponding p-values in Figure 27b. Note that the

Pearson correlation coefficients between the total electricity consumption and the

NAM-index are negative.

The correlations are now calculated in Monte Carlo loop of 10 000 repetitions as

in case of temperature and total electricity consumption. At the surface (pressure

level 1000 hPa) all data provides a correlation of -0.61 (p = 3.6 · 10−5). When

the QBO-phases are taken into account, the data from the QBO-negative winters

give slightly better correlation than data from the QBO-positive winters. Overall

the data from the QBO-negative winters seems to give a better correlation at all

pressure levels and a good correlation of -0.7 is even obtained in the stratospheric

altitudes (pressures smaller than 200 hPa). Total amount of QBO-negative points

in the data set was 16 while the amount of QBO-positive points was 24. This makes

a total amount of 40 points taken into account in the analysis.

An interesting peak is observable near the tropopause region at pressure levels of 150-

200 hPa. In all cases the correlations get better around this point when compared
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Figure 27: The relation between the total electricity consumption (DJF) and the

NAM-index (DJF) as a function of pressure level

to nearby values. The peak correlation may even be higher than at surface, at least

in case of QBO-negative points.

The P-values stay below 0.05 in the troposphere if we exclude the QBO-positive point

at 300 hPa. In the stratosphere the correlations become statistically insignificant

(p > 0.05) above 150 hPa in case of QBO-positive points and above 30 hPa in case

of all points. For QBO-negative points only the p-value at 10 hPa does not fall

below 0.05.

Figure 28 represents the DJF-avergaes of the NAM-index (1000 hPa) and the total
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electricity consumption in different QBO-phases. Note that the y-axis is flipped in

case of the total electricity consumption because of the negative correlation.
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Figure 28: The total electricity consumption and the NAM-index (DJF) a) for

QBO-negative winters and b) for QBO-positive winters.

It is clear that there are more data points in QBO-positive phase than in QBO-

negative phase. The similar behaviour of the data sets is observable in both QBO

phases as can be seen from the correlations. However, there are some parts where

the NAM-index behaves quite a different way than the total electricity consumption,

for example during years 1995-2005 in both QBO-negative and -positive phases.
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The Table 5 presents the correlation between the total electricity consumption and

the NAM-index of 1000 hPa pressure level in December, January and February.

Note that the QBO is now taken from the same month while with DJF-averages the

QBO was taken from February.

Table 5: The correlation between the total electricity consumption and the NAM-

index of 1000 hPa in different months.

December January February

all r = -0.56 r = -0.59 r = -0.55

(p = 1.5 · 10−4) (p = 6.0 · 10−5) (p = 2.7 · 10−4)

QBO- r = -0.43 r = -0.44 r = -0.71

(p = 0.056) (p = 0.055) (p = 0.0022)

QBO+ r = -0.69 r = -0.73 r = -0.44

(p = 7.7 · 10−4) (p = 2.6 · 10−4) (p = 0.039)

When not looking the DJF-data but every month separately, the same kind of

interesting phenomenon is seen as in case of the temperature and the NAM-index.

As can be seen, in December and January a better correlation is obtained when

the data is picked from the QBO-positive times but in February the situation is

turned to opposite. This resembles the case of Finland’s average temperature and

the NAM-index that was studied in Section 6.1. The amount of QBO-negative

and -positive points is 16/24 in February and 20/20 in January and December,

respectively. However, the correlation of all points seem to be on the same level

(-0.55- -0.6) in all months.

All p-values are below 0.1 and almost all are even below 0.05. Only December’s and

January’s QBO-negative points do not quite reach this significance level.

6.3.1 Total electricity consumption and the NAO-index

The comparison between the total electricity consumption and the NAO-index was

made in the same way as with the NAM-index. The relation was studied by using

68



the DJF-values and the QBO-index is picked from February. A Monte Carlo loop

of 10 000 repetitions is used to generate residuals for the reconstructed part of the

total electricity consumption and the mean values of loop correlations and p-values

are then used as final results. Table 6 presents the resulting Pearson correlations

and p-values.

Table 6: The Pearson correlation and corresponding p-values between the total

electricity consumption (DJF) and the NAO-index (DJF).

all QBO- QBO+

r = -0.46 r = -0.44 r = -0.50

p = 0.0037 p = 0.090 p = 0.017
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Figure 29: The total electricity consumption and the NAO-index (DJF).

The correlation seems to be a bit better in the QBO-positive phase but the differ-

ence is not remarkable. The correlation coefficient of around -0.5 for all data points

indicates that the NAO-index explains nearly 25 % of the variability in the total

electricity consumption. Correlations are slightly worse than with the NAM-index

(around -0.6 at 1000 hPa). Note that the NAM-index and the NAO-index describe

the geopotential height/pressure patterns in different areas as was discussed in Sec-
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tion 3.3. Thus, the NAM seems to produce better results than the NAO in case of

Finland’s electricity consumption data.
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Figure 30: The total electricity consumption and the NAO-index (DJF) a) for QBO-

negative winters and b) for QBO-positive winters.

The time series of NAO-data and the total electricity consumption are pictured in

Figure 29 for all data points and in Figures 30a and 30b for the QBO-negative

and -positive data points respectively. Note that the y-axis representing the total

electricity consumption is flipped because of the negative correlation of the data.

The total electricity consumption seems to follow the NAO-index quite well in the

70



1980s when the electricity consumption is based on the reconstructed values. A

huge dip is observable around year 2010 as was with the NAM-index also. Then the

NAM-index was fairly negative and this led to colder temperatures and thus more

electricity was consumed.

According to Figures 30a/b there were more QBO-positive Februaries than QBO-

negative ones during the 1980s. The better correlation in QBO-positive phase shows

especially during that decade. The curves of QBO-negative times vary quite well in

phase with each other but there are some differences of relative amplitudes of the

variations.

6.3.2 Analysis of data from The United Kingdom

The linear regression analysis was also made for the monthly total electricity con-

sumption data from the United Kingdom. The data was available for the time period

of 1995-2020 so it is somewhat shorter period than used above (1980-2019) for Fin-

land. The UK’s total electricity consumption data includes the electricity consumed

by all sectors: services, industrial, domestic and transport. The DJF-averages of

the data were calculated and the smoothed trend (using a span value of 0.35) was

removed from this data. The span value of 0.35 produces the best correlation be-

tween the temperature of UK and the electricity consumption when studying yearly

values. The DJF-data and the trend line which was removed are pictured in Figure

31. Note that the unit is now TWh instead of GWh.

The data has an inverted U-shaped trend with a peak in year 2005, approximately.

Towards the end of 2010s the trend is descending rapidly and in 2020 the electricity

consumption is lower than in the beginning in year 1995. This may be due to global

warming causing warmer winters or more developed devices that do not consume

so much electricity. According to the historical electricity data available at the

UK’s Government website (https://www.gov.uk/government/statistical-data

-sets/historical-electricity-data), the electricity prices have also been rising

since 2004 which has a significant effect on electricity consumption.
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Figure 31: The total electricity consumption in UK with a trend line (DJF).

The same kind of linear regression was then made as in case of Finland’s data. The

resulting correlation coefficients and corresponding p-values between the UK’s total

electricity consumption and the NAM-index are shown in Figure 32.

Now the resulting correlation coefficients are much lower than in case of Finland’s

data. At the surface the data picked from QBO-positive winters produce the best

correlation of around -0.35. However in case of all data and only QBO-negative

winters, the correlation is much worse, around 0.1. According to the p-values the

results are statistically insignificant at all pressure levels.

If we look into the relation between the UK’s temperature and the total electricity

consumption, the correlation of DJF-averages is poor (-0.33 with p = 0.11). Thus

there seems to be no good correlation between the temperature and total electricity

consumption in this data set. This explains the bad results obtained above as well.

It may be that these very different results compared to Finland arise from the

different usage of various energy forms used specifically for heating. It should be

noted that in 2015 only 8% of UK’s households used electricity as a main space

heating fuel (Ofgem (Consumer Vulnerability Team) (2015)). This will be more

discussed in Chapter 7.
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Figure 32: The relation between the total electricity consumption (DJF) and the

NAM-index (DJF) as a function of pressure level, the UK data

6.4 The NAM-index and the geomagnetic activity

Before studying the relation between the total electricity consumption and the aa-

index describing the geomagnetic activity, let’s study the relationship between the

NAM-index and the aa-index. Figure 33 shows the Pearson correlation coefficients

and corresponding p-values between the DJF-average of the NAM-index at 1000 hPa

and the aa-index taken with different lags. Now the lag 0 corresponds to February

(F), lag 1 to January (J), lag 2 to December and so on. The final lag 8 corresponds

to July preceding the winter season. The correlations are also separated in different
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QBO-phases when the QBO is taken from February (F).

0 1 2 3 4 5 6 7 8

aa lag

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

r

NAM 1000 hPa (DJF) and aa, correlation as a function of aa lag

all
QBO-
QBO+

(a) Correlations with 90% confidence intervals

0 1 2 3 4 5 6 7 8

aa lag

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

r

NAM 1000 hPa (DJF) and aa, p-value as a function of aa lag

all
QBO-
QBO+

(b) P-values

Figure 33: The relation between the aa-index and the NAM-index (DJF) at 1000

hPa as a function of aa lag

The correlations seem to be a lot better in the QBO-negative phase. January’s

aa index (lag 1) seems to have the best correlation with the DJF-average of the

NAM-index. Then the correlation is 0.40 (p = 0.013) for all data points, 0.78

(p = 0.0004) for QBO-negative points and 0.12 (p = 0.57) for QBO-positive points.

Thus it seems clear that the aa-index should be picked from January when making

further analysis. Also other pressure levels than 1000 hPa could be used but since

we noticed before that the NAM-index of 1000 hPa does correlate rather well with

the electricity consumption, the usage of the NAM-index from this pressure level is

74



justified.

Figure 34 shows the Pearson correlation coefficients and corresponding p-values be-

tween the DJF-average of the NAM-index and the January’s aa-index in 1980-2019.

The aa-index is now taken from January as earlier analysis indicated. The QBO is

taken from February as before.
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Figure 34: The relation between the aa-index (J) and the NAM-index (DJF) as a

function of pressure level

It can be noticed that the correlation is quite poor in QBO-positive phase but is

greatly increased in QBO-negative phase. The best correlation (0.80) is obtained at

the pressure level of 250 hPa in the QBO-negative phase but the correlation is almost
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the same at all tropospheric pressure levels (200 - 1000 hPa) when QBO is negative.

The QBO-positive phase produces significantly worse results at all pressure levels.

Thus good correlations and statistically significant results can be obtained only in

QBO-negative phase, which should be seen when studying the aa-index’s correlation

with the total electricity consumption in the next section.

6.5 Total electricity consumption and the geomagnetic ac-

tivity

The relation between the aa-index describing the geomagnetic activity and the total

electricity consumption was also examined. This is justified because the NAM-index

correlates rather well with the aa-index at least during QBO-negative times. Since

the total electricity consumption correlates with the NAM-index, as we saw, the

total electricity consumption should also correlate well with the aa-index at least

during the QBO-negative winters.

After studying the relation by using the Pearson correlation coefficient and the p-

value a good correlation between January’s aa-index and the DJF-value of the total

electricity consumption was indeed found. The resulting correlation coefficients and

p-values are presented in Table 7. Correlations are calculated in Monte Carlo loop of

10 000 repetitions that takes into account the varying residuals of the reconstructed

electricity consumption data, as in previous analysis. A linear trend is removed from

the aa-data as described in Section 5.1.2.

Table 7: The Pearson correlation coefficients and corresponding p-values between

the aa-index (J) and total electricity consumption (DJF).

all winters QBO- QBO+

r = -0.28 r = -0.64 r = -0.10

p = 0.094 p = 0.010 p = 0.66

January’s aa-index was selected as it seemed to produce the best correlation with

the total electricity consumption’s DJF-value. For example when the aa-index was
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taken from December, the corresponding correlations were -0.19 (all), -0.46 (QBO-)

and -0.006 (QBO+) and p-values 0.26 (all), 0.08 (QBO-) and 0.87 (QBO+). In case

of Feburary’s aa-index correlations were -0.25 (all), -0.44 (QBO-) and -0.05( QBO+)

with p-values 0.14 (all), 0.09 (QBO-) and 0.76 (QBO+).

One can observe the negative correlation between the aa-index and the total elec-

tricity consumption. This means that the larger the aa-index is, the lower is the

total electricity consumption in winter. It is clear that the best correlation is ob-

tained during QBO-negative winters (QBO-index is taken from February). Then

the p-value is also small which indicates a statistically significant result.

During the QBO-positive phase there is hardly any correlation at all. It is clear

that the phase of the QBO modifies the relation between the NAM-index and the

aa-index and thus alters the results obtained above. Because of the low correlation

in the QBO-positive phase, the all-points correlation does not reach a high value

either.

The time series of the aa-index (J) and the total electricity consumption (DJF) are

pictured in Figure 35. The first plot on the left (Fig. 35a) shows all data points

(40 points), Fig. 35b shows QBO-negative points (16 points) and the last one (Fig.

35c) only QBO-positive points (24 points). Note the inverted y-axis in case of the

total electricity consumption.

It is clear that the total electricity consumption follows the aa-index quite well

during the QBO-negative phase. There are however some time periods where the

relation is not so good, for example between years 1995 and 2003. In case of the

QBO-positive points there was hardly any correlation at all and it can be seen that

the lines do not follow each other well. When studying all data points there are some

correspondences but since there was more QBO-positive points than QBO-negative

points, the correlation does not get very good.

The relation between the aa-index and the total electricity consumption was also
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Figure 35: The total electricity consumption (DJF) and the aa-index (J), 1980-2019

examined month by month. In that case the best correlation was obtained when

using January’s aa-index and February’s total electricity consumption. Also then

the best Pearson correlation coefficient (r = −0.58, p = 0.03) was obtained when

February’s QBO-index was negative. In positive phase of the QBO the results were

r = 0.025 and p = 0.86 and for all points r = −0.18 and p = 0.28. However

the DJF-values produced slightly better correlations than if only February’s total

electricity consumption was used.

The best correlation for January’s total electricity consumption was obtained when

the aa-index was also picked from January. Then the correlations were r = −0.25

(p = 0.13) for all data points, r = −0.41 (p = 0.07) for QBO-negative points (QBO

picked from January) and r = −0.02 (p = 0.80) for QBO-positive points. The
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best correlation for December’s total electricity consumption was obtained when

the aa-index was picked from November. The resulting correlations were r = −0.26

(p = 0.11) for all data points, r = −0.40 (p = 0.08) for QBO-negative points (QBO

from December) and r = −0.12 (p = 0.62) for QBO-positive points.

6.6 Yearly electricity consumption in households and the

NAM-index

As we have seen the NAM-index affects the electricity consumption via temperature

and the electricity consumption reacts to temperature especially when it is used

to heat up houses. Thus it is worthwhile to study the electricity consumption in

households since a huge amount of electricity in households is spent to heating

rooms/houses. Unfortunately the electricity consumption in households was only

available as yearly data. This means that it is not possible to evaluate winter months

separately. However we can take the DJF-value of the NAM-index and compare it to

the yearly electricity consumption, with the assumption that the dominant part of

electricity consumption in households occurs in winter. It should be noted that now

in the DJF-value of the NAM-index the D-value is from the previous year compared

to J and F.

The trend was removed from the yearly electricity consumption in households data

via smoothing. There is an increasing trend in the electricity consumption as was

seen in Section 5.1.2 (Figure 18a). The unit of the electricity consumption is GWh

and values vary from 0.8 GWh in 1980 to nearly 2.4 GWh in 2019. The model is

made between the yearly electricity consumption and the DJF-average of the NAM-

index via linear regression as before. The Cochrane-Orcutt method was tested too

and it seemed to produce the same correlations as a regular linear regression, which

indicates that no residual autocorrelation was present.

In Figure 36 the Pearson correlations and p-values are pictured in different QBO-

phases in all pressure levels. In the troposphere the correlation stays nearly the

same in all pressure levels but in stratospheric region it is much worse. At all heights
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the QBO-positive periods produce much worse correlation than the QBO-negative

periods. QBO was taken from February as before.
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Figure 36: The relation between the yearly electricity consumption in households

and the NAM-index (DJF) as a function of pressure level

The correlation between the yearly electricity consumption in households and the

DJF-value of the NAM-index at 1000 hPa is -0.49 (p-value 0.0016). It should be

reminded that there lies a negative correlation between these two: with negative

values of the NAM-index we have higher electricity consumption. This makes sense

since negative NAM means usually colder temperatures in Finland and thus higher

electricity consumption (see Figure 21). The small p-value indicates statistically

significant result. However this result is not as good as with the total electricity
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consumption data. This is due to obvious fact that the electricity consumption in

households data is yearly data which takes into account summer months also.

The significant difference between different QBO-phases is easy to observe. At 1000

hPa the correlation gets values of around -0.68 (p-value 0.0036) when the QBO-

phase is negative and -0.16 (p-value 0.48) when the QBO is positive. This means

that the NAM-index correlates much better with the electricity consumption when

the QBO is in negative phase and this result is significant due to small p-value below

0.01.

No such differences between QBO-phases were noticeable when the total electricity

consumption data was examined. Especially the QBO-positive phase produces a

much worse correlation now. However the correlation in the QBO-negative phase (-

0.68) seems to be almost the same as in case of the DJF-value of the total electricity

consumption (-0.65).

The same analysis was made for the data from Norway and The United Kingdom.

These results will be discussed next.

6.6.1 Analysis of data from Norway and The United Kingdom

Norway’s yearly data of electricity consumption in households was available for time

period of 1990-2019. The same analysis as above was done for this data. The trend

was removed with the same smoothing method as before. Now the span value of

0.20 was used since it produces the best correlation between the DJF-average of the

NAM-index at 1000 hPa and Norway’s yearly electricity consumption (around -0.36

for all data points). The electricity consumption data with the trend line is pictured

in Figure 37 below.

This data differs a bit compared to Finland’s data (see Figure 18a). After year 2000

the electricity consumption starts to decrease until it starts to increase again in 2005.

This is not observable in Finland’s constantly increasing electricity consumption.

The unit is the same GWh (gigawatt hours) as in Finnish data. However the values
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Figure 37: The yearly electricity consumption in households in Norway with a trend line.

of Norway’s data vary from 30 000 to 40 000 GWh that are greater values than in

case of Finland’s electricity consumption in households.

The linear regression model was made between the NAM-index and the electricity

consumption in households as before. The Pearson correlations and corresponding

p-values between the DJF-averages of the NAM-index and the yearly electricity

consumption in households in Norway are displayed in Figure 38.

At surface level of 1000 hPa all data points produce the correlation of -0.36. The

QBO is taken from February as before so the QBO-negative points produce cor-

relation of -0.62 and the QBO-positive 0.17. Also in all other pressure levels the

QBO-negative points give better correlation as in case of Finland. Although the

correlations are lower in all cases when compared to Finland’s data the results are

in a big picture fairly similar with the Finnish data. It is useful to compare the data

between Finland and Norway since both are located in northern Scandinavia and

are affected by the NAM-index during winter.

The p-values of all data points and the QBO-negative data points above the pressure

level of 200 hPa stay below 0.1 which makes them statistically more significant. The
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(b) P-values

Figure 38: The relation between the yearly electricity consumption in households in

Norway and the NAM-index (DJF) as a function of pressure level

p-values of the QBO-positive data points make them statistically insignificant at all

pressure levels.

Besides Norway’s data the data from The United Kingdom was also used to get

another point of view. As the United Kingdom is located in eastern Atlantic Ocean

it is affected by the NAM a bit differently than Scandinavian countries. The UK

data was available for time period of 1980-2019. We used smoothing to remove the

trend with the span value of 0.15 because of the best Pearson correlation produced

between the UK’s electricity consumption and the NAM-index (DJF) at 1000 hPa.
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The resulting data is pictured below in Figure 39.
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Figure 39: The yearly electricity consumption in households in UK with a trend line.

The unit of electricity consumption for UK is thousands of tonnes of oil equivalent

(toe), which describes the amount of energy that is released when one tonne of

crude oil is burned. It is comparable to GWh unit as 1 toe converts to 0.012 GWh

at temperature of 15 degrees Celsius. The values of the electricity consumption lie

between 7000 and 11 000 thousands of toe which result to 84 000 - 132 000 GWh.

The trend seems to be increasing until year 2005 when the peak value is obtained.

From that year onwards the trend is decreasing and less electricity is consumed in

households. This trend is different from Finnish and Norwegian cases where the

trend increases after year 2005.

The same kind of model was then made as before and the Pearson correlations and

corresponding p-values are displayed in Figure 40.

Using the NAM-index at surface the correlation of all data is -0.38. When the QBO

is negative in February, the correlation is -0.58 and when the QBO is positive, it is

-0.22. The QBO-negative points seems again to give the best results in the tropo-
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Figure 40: The relation between the yearly electricity consumption in households in

the UK and the NAM-index (DJF) as a function of pressure level

spheric region. The p-values stay below 0.05 in the tropospheric region for all data

points and almost all QBO-negative points. Because of much worse correlation in

QBO-positive years, the p-values are rather high for the QBO-positive correlations.

The correlations are a bit worse than in case of Finland but quite close to the values

of Norway. This may be due to the location of the UK since it is located closer to

Norway than Finland. As it can be seen, the QBO-negative data points produce

the best NAM/electricity consumption -correlation in all three countries.
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7 Discussion

In this chapter main points of the results will be discussed. The main goal was to

study the relation between the NAM-index and electricity consumption in Finland

and how it is influenced by geomagnetic activity. Possible influence is mediated

through temperature since the electricity consumption highly depends on it.

The relation between the NAM-index and Finland’s temperature was evaluated

first. The Finland’s temperature data was calculated by determining approximate

latitudes and longitudes that cover the area. The approximated latitudes were 61-70

degrees North and longitudes 21-30 degrees East. This covers the area pretty well

but also takes into account some parts of northern Norway and Sweden. However

in this case it is not so important to take Finland’s exact area into account and this

approximation most likely works pretty well in this case.

It was interesting to note that the QBO-phase affects the correlation between the

NAM-index and Finland’s surface temperature on monthly level and for DJF-values

also. The NAM-index was determined for different pressure levels but the electricity

consumption is not a height-dependent quantity. In case of DJF-values the biggest

difference within QBO-phases was observable in the top part of troposphere. At the

pressure level of 300 hPa the difference in the correlations between the two QBO-

phases was even 0.25-0.3. The reason for this phenomenon is probably the different

NAM-patterns that vary depending on the pressure level and the phase of the QBO

and the correlation of surface NAM and the NAM at tropopause height levels. The

temperature here was the surface temperature so the temperature pattern does not

change with height in the analysis.

Around the tropopause at 200 hPa all correlations between the temperature and the

NAM were almost as good as on the surface level at 1000 hPa. If we look into DJF-

value of the NAM-index at 1000 hPa and its correlation with other pressure levels

(Figure 41) we find that the surface NAM correlates well with different pressure

levels.
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Figure 41: The correlation between 1000 hPa NAM (DJF) and other pressure levels’

NAM values (DJF)

There certainly is a peak at the tropopause around 200 hPa so the NAM-index does

have some correlation between this level and the surface. The correlation across

different pressure levels is slightly better in QBO-negative phase than in all points

or QBO-positive phase. P-values are small except some of the stratospheric values.

When looking the temperature/NAM-correlations in different months, there were

different dependencies on the QBO-phases in different months. In Decembers and

Januaries the correlations were better in QBO-positive phase and whole area of

Finland in the maps indicated good correlation. In Februaries the situation was
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vice versa for the QBO dependence and the correlation pattern changed.

When looking into the relation between the total electricity consumption and Fin-

land’s temperature it was noted that the QBO-negative phase produced better DJF-

correlations than the QBO-positive phase. The difference was about 0.1 units. It

should be noted that the QBO-negative winters are typically colder than the QBO-

positive winters. When looking into the mean DJF-temperatures in Finland in dif-

ferent QBO-phases, it is noticed that the value for the QBO-negative winters (QBO

from February) is -8.16 degrees Celsius while for the QBO-positive winters it is a bit

higher, -7.32 degreed Celsius. Thus it may be that during the QBO-negative winters

maybe a bit larger fraction of total electricity is consumed for heating houses when

compared to the QBO-positive winters, thereby leading to slightly better correlation

with temperature.

The monthly varying correlations between the temperature and the total electricity

consumption showed also QBO-variations. For example in February we have a

correlation of -0.91 during the QBO-negative phase but in January it drops to -

0.72. Also it should be noted that in December and January better correlations

were obtained in the QBO-positive phase but in February the QBO-negative phase

produced better results. If we calculate the mean temperatures for winter months

in different QBO-phases we get following results (Table 8).

Table 8: The monthly mean Finland temperatures in different winter months and

QBO-phases, mean value from 1980-2019.

QBO- QBO+

December −7.22◦C −5.46◦C

January −8.49◦C −8.59◦C

February −8.17◦C −8.14◦C

This does not fully support the idea that the mean temperature is strictly related

to the electricity consumption. For example in December the difference is large

between the mean temperatures of QBO-phases but this does not show so well
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in the correlation between the temperature and total electricity consumption. In

January and February the differences in temperatures in different QBO-phases are

really small. Overall the QBO-negative phase seems to produce lower temperatures,

except in January. The conclusion is that the differences in temperatures are so

small that they can not explain differences in correlations we got in the analysis.

The total electricity consumption has a clear seasonal cycle. This can be seen from

the monthly values. During winter the electricity consumption is higher and during

summer it is lower. Need for heating is most likely the most important reason for

this seasonal variation but also winter in Finland is pretty dark which requires a

lot of electricity used for lighting. This applies to both household and industrial

sectors.

The monthly total electricity consumption values were estimated by using a model

with temperature as the explanatory variable. The model did produce the seasonal

variations quite well (Figure 26). Some notable peaks could be observed during

winters of 1985 and 1987. During these times very cold monthly mean temperatures

were observed (−16.6◦C in January 1985 and −17.2◦C in 1987) which explains the

peaks.

The NAM/total electricity consumption -correlation as a function of the pressure

level shows a similar pattern that was seen with the temperature and NAM-index

and between NAM indices of different altitudes. The same peak around tropopause

is observable here too and is likely caused by correlation between surface NAM and

NAM at the tropopause. When different winter months were studied separately

a same kind of difference between QBO-phases was observable as in case of the

temperatures.

Unfortunately only the United Kingdom’s electricity consumption data was available

as monthly values for long enough time period. As the analysis showed, this data

does not produce the best kind of baseline for comparison. The data is from the

UK’s Government website so it is the official data. However one reason for the bad
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correlation might be that in the UK the electricity is not so much spent for heating

houses for which this analysis was based on (Ofgem (Consumer Vulnerability Team)

(2015)). Also the sectors included in the UK’s total electricity consumption may be

different than in Finland’s data. For example the electricity consumed by transport

section was named as one consumption sector in the UK’s data but not in Finland’s

data. Thus it may be so that the total electricity consumption data does not work

in this analysis in the UK’s case.

When studying the relation between the aa-index describing the geomagnetic activ-

ity and the DJF-average of the NAM-index the best correlation was obtained when

the aa-index was picked from January. The correlations were pretty high in QBO-

negative phase (even over 0.75), which indicate that the QBO greatly influences the

relationship. This is likely linked to more intense planetary wave activity connected

to the QBO-negative phase (see Section 3.2).

The QBO dependence was observable also when studying the aa-index and the

total electricity consumption. It was found that a good correlation during winter

exists only in the QBO-negative phase and the correlation is negative. Thus when

QBO is negative higher aa-index (high geomagnetic activity) seems to indicate lower

electricity consumption and vice versa. When the QBO is positive there is hardly any

correlation at all. The QBO then seems to be the main regulator in the connection

between the geomagnetic activity and the total electricity consumption. The chain

of events may be following: high geomagnetic activity combined to the negative

QBO-phase lead to more positive NAM-index (because of high positive correlation)

which leads to higher temperature in Finland and to lower electricity consumption

(due to negative correlation).

Two different data sets for electricity consumption were being used: the total elec-

tricity consumption and the electricity consumption in households. Let’s then com-

pare the results obtained with these data sets.
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7.1 Differences between the results obtained for the total

electricity consumption and the electricity consumption

in households data sets

As was discussed before the ideal case would be that the electricity consumption

in households would have been available as monthly data. Unfortunately that was

not the case so we had to settle for yearly data. The advantage of using the elec-

tricity consumption in households is that the industrial and other sectors are not

included. This means that greater percentage of electricity consumption is now spent

for heating houses. The analysis between winter’s NAM and whole year’s electricity

consumption is of course a bit biased since the electricity consumption (in house-

holds) also includes other than winter values. But decent results were obtained with

this data also, at least in the QBO-negative phases.

With the DJF-average of the total electricity consumption the correlation between

it and the DJF-average of the NAM-index (1000 hPa) was around or over -0.6

for all data points including both QBO phases. However, now with the yearly

electricity consumption in households the correlation drops to -0.49 for all data

points and even as low as -0.16 in the QBO-positive phase. A bit surprisingly the

QBO-negative phase still produces a good correlation. It is notable that the yearly

electricity consumption data in households thus reacts to different QBO-phases a bit

differently. The QBO is taken from February so it leads to a conclusion that when

the QBO is positive in February the year’s electricity consumption in households

does not correlate with the NAM-index (DJF) in any pressure level. It should be

noted that now in the DJF-value of the NAM-index the D-value is from the previous

year compared to J and F, therefore indicating the winter season average.

What could then explain the difference in different QBO-phases? It may be so that

the NAM’s DJF-pattern during QBO-negative phases better describes the yearly

NAM-pattern and this yearly pattern then correlates well with the electricity con-

sumption in households. Another factor might be that since the QBO-negative
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winters are colder, larger fraction of yearly electricity consumption occurs in winter

so that it correlates better with the NAM-index that influences the temperature.

Norway’s electricity consumption data seemed to produce very similar results to

Finland’s data. The correlation for all points was a bit worse but the QBO-negative

phase produced nearly as good correlations as Finnish data. This was somehow

expected since Norway is located quite close to Finland. The United Kingdom’s data

also gave similar results but the correlation was a bit worse. Though the correlation

in the QBO-negative phase was below -0.5 at 1000 hPa with p-value lower than

0.05 which can be seen as a significant result. Norway’s and the UK’s data confirm

that the relation between the NAM-index and electricity consumption is not just

observable in Finland and these foreign data also make the results obtained with

Finland’s data more reliable.

7.2 Comparison between the results obtained for the NAM

and the NAO indices

Previous studies of the topic of this thesis were mainly made by using the NAO-

index. This is why it is useful to use the NAO-index also in this thesis. Let’s then

compare the results obtained with the NAM-index and the NAO-index and compare

these to previous studies.

The correlation with the temperature was a bit better in case of the NAM-index

(0.77 (NAM) vs 0.66 (NAO)) when studying the DJF-values (for NAM at 1000 hPa).

In case of the NAM-index there was no big difference between the QBO phases but

in case of the NAO-index a difference indeed exists and the QBO-positive phase

produces better correlation than negative phase. Since the temperature used here

is the same with both indices, the reason must be the NAO-pattern that somehow

affects Finland differently in different QBO-phases compared to the NAM-pattern.

The differences between the NAM and the NAO were more discussed in Section 3.3.

Cherry et al. (2005) found a correlation around 0.6-0.7 between Finland’s temper-
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ature and the NAO-index. They used DJFM-values that take into account March

and also the time period was a bit shorter (1987-2002 versus 1980-2019 used here).

However this result is very similar to the ones obtained here. Thus the results

obtained here confirm and support earlier studies.

For the correlation between the NAO-index and the total electricity consumption

(DJF) a result of -0.46 was obtained. This is a bit worse than the result by Cherry

et al. (2005) which was -0.55 for Norway’s data. They however used the energy

consumption by hydropower instead of the total electricity consumption in their

analysis. As was noticed before, the total electricity consumption data was not

available as a monthly data in Norway. Thus in this thesis a comparison between

the total electricity consumption in Norway (DJF) and NAM/NAO-index (DJF) was

not possible. However the result of this thesis is quite close to the result obtained

by Cherry et al. (2005) although the results were obtained in a bit different way.

Francois (2016) obtained a correlation of 0.62 between the NAO-index and wind

power penetration rate (DJFM). This result is better than what was obtained here

but it should be noted that this is not directly comparable to results of this thesis

since wind power penetration rate was used instead of electricity consumption (note

different sign in correlation). The wind power penetration rate is the ratio between

the amount of energy taken to the power grid produced by wind generation and the

total amount of energy taken to the grid from all sources. It should be noted though

that probably the wind speed in Finland is somehow affected by the NAM/NAO-

index and thus it could be interesting to use wind related quantities in the analysis

instead of just general electricity consumption.

All in all, the NAM-index seemed to produce better results than the NAO-index

which is why it was used as the main index in this analysis. Thus the NAM-pattern

is most likely the dominant pattern in Finland’s area and should be used in further

analysis also.
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8 Conclusions

As a first thing in this thesis some basic theory was represented concerning the

topics of this thesis. The concept of solar activity was introduced and the most

important properties of the solar wind and energetic solar particles were discussed.

These affect the geomagnetic activity that was discussed next. The aa-index was

later used in the analysis so it was necessary to introduce how this index is derived

from other K-based indices. The properties and basic atmospheric circulations were

discussed after that. The QBO-phenomenon and the NAM-index were important

topics of this research and thus they were discussed in more detail. Lastly basic

facts concerning energy and electricity consumption in Finland were presented.

In Chapter 5 (Methods) the data sets used in this research were introduced. Con-

cepts of principal component analysis (PCA), trend removal and linear regression

analysis were discussed. The PCA was used for calculating the NAM-index and the

1st EOF-pattern described the NAM. The linear regression analysis was divided to

regular least-squares method and the Cochrane-Orcutt method. In the analysis the

regular least-squares method was mostly used but also the Cochrane-Orcutt method

was used to analyse if any residual autocorrelation exists.

In Chapter 6 the results of the analysis were introduced. These included the con-

nection between the NAM/NAO-index and Finland’s temperature, the total elec-

tricity consumption’s relation to Finland’s temperature, the NAM/NAO-index and

the aa-index and studying what happens when the yearly electricity consumption

in households is studied instead of the total electricity consumption. The relation

between the NAM and the aa-index was also briefly discussed.

The main goal of this thesis was to study the relation between the electricity con-

sumption in Finland and the NAM-index and how geomagnetic activity influences

the electricity consumption via NAM. The connection was found to be temperature

variations which are dominantly driven by NAM. The chain of events could be so

that the positive NAM-index leads to higher winter temperatures in Finland and
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thus lower electricity consumption. The negative NAM-index in turn leads to lower

winter temperatures and higher electricity consumption during winter. Importantly

it was found that the geomagnetic activity influences the electricity consumption

by influencing the NAM variability. This holds only in the QBO-negative phase in

accordance with earlier studies (Asikainen et al. (2020b), Salminen et al. (2022)) re-

porting that the influence of energetic particle precipitation (geomagnetic activity)

on the polar vortex and NAM appears more strongly during QBO negative winters.

An interesting question is whether these results imply a possibility to predict the

electricity consumption by using the predictions of the NAM-index or the aa-index.

Prediction by using the NAM-index requires that we would be able to predict the

NAM-index’s DJF-value. One way would be to predict December’s, January’s and

February’s values separately and then combine these to one DJF-value. This could

however lead to much larger error limits than what is conventional. Maybe the

better way would be either to use one month to predict the NAM’s DJF-value or

predict only for example January’s NAM-value by using some previous month and

use the relation between January’s NAM and the total electricity consumption. If

the latter method is being used, the correlation between the NAM and the total

electricity consumption is just not so good as it would be with the DJF-values.

Ultimately, success of such long-term electricity consumption predictions depends

on how well the NAM and geomagnetic activity could be predicted.

This is an interesting question and indeed the prediction of the winter’s electricity

consumption could be the next step to continue this research. If a reliable prediction

could be made, it would have some interesting consequences. If we could know next

winter’s electricity consumption beforehand, maybe it would be possible to better

prepare for winter’s electricity costs. This would benefit entire energy sector as

well as standard consumers in Finland. Using such predictions could even improve

estimates of future price of electricity. If the winter’s electricity consumption was

predicted to be high, the price of electricity would most likely be higher too and

vice versa. Of course the price of electricity is influenced by many different factors
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and the relation may not be that simple.

This topic is thus really interesting and requires further research. As was discussed

before, there exists some studies where the relation between the energy consumption

and the NAO-index was examined. These results inspired to study in more detail

the possible effects to Finland. Exactly same analysis as was done in this thesis

was however not made before. One possibility for further research would be to use

different data instead of electricity consumption, for example electricity production

by wind power since the NAM/NAO also has an influence to wind patterns.

Maybe the most important result was, however, that the geomagnetic activity influ-

ences the electricity consumption in Finland. This is a new result that has not been

noted before. The connection between the geomagnetic activity and the electricity

consumption interestingly suggests that the space weather could influence the elec-

tricity consumption. Thus by predicting the space weather and particle precipitation

(geomagnetic activity) we could say something about the electricity consumption in

winter during QBO-negative phase. All in all the conclusion is that the results of

this thesis give some new information and maybe new research will be made based

on these results.
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