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Abstract of the Dissertation 

On the Response of Polar Cap Dynamics to Its Solar Wind and 

Magnetotail Drivers at High Levels of Geomagnetic Activity 

by 

Ye Gao 
Doctor of Philosophy in Geophysics and Space Physics 

University of California, Los Angeles, 2012 

Professor Raymond J. Walker, Chair 

In this thesis, I investigate how polar cap dynamics, quantified by the northern polar cap (PCN) 

index, respond to solar wind direct driving and magnetotail energy unloading during intervals of 

strong solar wind driving.  Using 53 one to two-day intervals with high cross polar cap potential 

subintervals, I find that, among 11 candidate coupling functions including the electric field of 

Kan and Lee (1979) and the universal coupling function of Newell et al. (2007), the PCN index 

correlates most closely with the electric field (EK-R) of Kivelson and Ridley (2008), a form in 

which the electric field imposed on the ionosphere by low-latitude magnetopause reconnection 

saturates at high levels of geomagnetic activity. It is found that magnetotail activity, as 

represented by an unloading AL index (ALU), makes a significant contribution to the PCN index. 

A linear model is constructed to relate the PCN index to its solar wind and magnetotail drivers. 

Based on this model, it is estimated that the portion of the PCN index directly driven by the solar 

wind electric field outweighs the contribution arising from energy release in the magnetotail by 

roughly a factor of 2. The solar wind dynamic pressure (pdyn) does not play a key role in 
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controlling the PCN index. However, under intense solar wind driving, the number density (n) 

can influence the solar wind-magnetosphere coupling by changing the solar wind Alfvén 

conductance, which is incorporated in EK-R. The validity of the linear model is verified by 

comparing its results with those obtained from a more general, non-linear model, termed additive 

model. It is found that, except in anomalous events during which the auroral oval expanded 

poleward to the latitude of the PCN index station and the index increased because of proximity to 

auroral zone currents, the linear model is a good approximation, since more than 70% of the 

variation in the PCN index is explained by the linear model. Thus, this linear model provides a 

useful tool to study the coupling between the solar wind, magnetosphere and ionosphere.  

This model is applied day-by-day from 1 February 1998 to 31 December 2009 to 

investigate the driven and unloading contributions to the PCN index. I find that the relative 

contributions of driven and unloading components varies with solar cycle with a magnitude ±5%, 

with the driven-to-unloading ratio highest near solar minimum and lowest slightly after solar 

maximum, and the driven-to-unloading ratio peaks in summer and decreases in winter with a 

magnitude as large as ±15%.  

Although the theory of Kivelson and Ridley (2008) is successful in predicting the polar 

cap dynamics from the solar wind input, there is a competing theory of Siscoe et al. (2002). The 

similarity and difference between these two theories are explored. It is found that, except for 

some trivial differences, the predictions of the two theories are practically the same in the 

saturation limit. In addition, the model predictions are compared to the measurements of AMIE, 

DMSP, the PC index, and SuperDARN. Given the great differences from different measurements, 

it is impossible to show that one theory outperforms the other.  
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CHAPTER 1   

Solar-Terrestrial Physics: An Introduction 

Solar-terrestrial physics is principally concerned with the interaction of ionized particles with the 

electric and magnetic fields in the space environment. The ionized gases, called plasma, interact 

in complex ways, in which the electric and magnetic fields control the motion of the particles, 

with collisions and gravitational fields being less important [Russell, 1995]. It is often convenient 

to collectively treat the particles as a fluid, i.e. the magnetohydrodynamic (MHD) approximation 

[e.g. Kivelson, 1995]. In this thesis, I follow this approximation and investigate the interaction 

between the solar wind and earth’s magnetic field at high levels of geomagnetic activity. Before 

proceeding to detailed analysis, relevant concepts in solar-terrestrial physics are introduced in 

this chapter.  

1.1 Solar wind and measurements  

The solar wind, a flow of ionized hydrogen with a small portion of ionized helium and magnetic 

field from the sun, results from the huge pressure difference between the solar corona and 

interplanetary space [Hundhausen, 1995]. It plays a key role in controlling disturbances in the 

earth’s magnetic field, i.e., geomagnetic activity [e.g. Clauer et al., 1981; McPherron et al., 1988; 

Horton et al., 1999]. By terrestrial standards, the solar wind is hot, tenuous, and fast-moving. 
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Embedded in this plasma is a weak magnetic field, i.e. interplanetary magnetic field (IMF), 

primarily oriented in a direction nearly parallel to the ecliptic plane, at approximately 45o to the 

earth-sun line at 1 astronomical unit (AU) [Hundhausen, 1995].  

Nowadays, measurements of solar wind are primarily made by spacecrafts, e.g. the 

Advanced Composition Explorer (ACE) spacecraft, orbiting the Lagrange point 1 (L1) which is a 

point of earth-sun gravitational equilibrium about 1.5 million kilometers from earth and 148.5 

million kilometers from the Sun [Mazur et al., 2000; Emslie et al., 2004; Gosling et al., 2005; 

King and Papitashvili, 2005]. ACE was launched on 25 August 1997 [Stone et al., 1998]. From 

its location at L1, ACE has a prime view of the solar wind, and thus, provides near-real-time 

continuous observation of solar wind parameters and the IMF. The magnetic field vectors 

provided by the Magnetic Fields (MAG) instrument [Smith et al., 1998] and plasma moments 

obtained from the Solar Wind Electron, Proton, and Alpha Monitor (SWEPAM) instrument 

[McComas et al., 1998] are used in later chapters. The spacecraft has enough propellant on board 

to maintain an orbit at L1 until 2019.  

1.2 Magnetosphere and low-latitude magnetopause reconnection 

The Earth’s magnetic field provides an effective obstacle to the solar wind plasma. As the solar 

wind impacts the earth’s magnetic field, its dynamic pressure presses on the outer boundary of 

the magnetic field, confining it to a cavity called the magnetosphere, which has a long tail 

consisting of two anti-parallel lobes of magnetic flux that stretch in the anti-solar direction, i.e. 

the magnetotail [Walker and Russell, 1995]. The boundary of the magnetosphere, i.e. 

magnetopause, is roughly bullet shaped, about 15 RE in front of the earth and it is roughly a 
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cylinder with a radius approximately of 20 RE in the magnetotail. The tail region stretches well 

past 200 RE, and where it ends is not well known. 

It is found that the magnetic field lines in a plasma with approximately opposed polarities 

can reconnect to different partners [e.g. Parker, 1957; Sweet, 1958; Petschek, 1964]. In other 

words, plasma originally on different flux tubes can be mixed on a single flux tube through 

reconnection. As envisioned by Dungey [1961], reconnection occurs at the magnetopause where 

interplanetary magnetic fields encounter geomagnetic fields (Figure 1.1). For simplicity, assume 

that the interplanetary magnetic field is directed predominantly southward. Then the magnetic 

field driven by the solar-wind will be approximately anti-parallel to the geomagnetic field at the 

sub-solar point. The low-latitude magnetopause reconnection occurs between fields of different 

 

Figure 1.1 Topology of the magnetosphere for southward (upper panel) and northward (lower 

panel) interplanetary magnetic fields. Plasma flows are indicated by the arrows. From Dungey 

[1963].  
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origins. Then, instead of a purely geomagnetic field line with both ends attached to the earth and 

an interplanetary field line with both ends on the sun, an open field line with one end attached to 

the earth and the other end stretching out into interplanetary space is obtained. See the upper 

panel of Figure 1.1. When the IMF is northward-oriented, reconnection can occur between the 

interplanetary magnetic field and lobe field in the magnetotail, i.e., high-latitude magnetic 

 

Figure 1.2 (a) Plasma convection within the magnetosphere driven by low-latitude magnetic 

reconnection. The numbered field lines show the succession of configurations a geomagnetic 

field line assumes after reconnection with an IMF field line at the front of the magnetosphere. 

Field lines 6 and 6’ reconnect at a second x-line in the tail, after which the field line returns to 

the dayside at lower latitude. (b) The positions of the feet of the numbered field lines in the 

northern high-latitude ionosphere and the corresponding high-latitude plasma flows, an anti-

sunward flow in the polar cap, and a return flow at lower latitudes. 
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reconnection (lower panel of Figure 1.1). But, in this thesis, the latter process is not of relevance.  

1.3 Polar cap: Convection and DP-2 currents 

The region of open magnetic flux that connects the magnetic field of the earth to that of the solar 

wind is, by definition, the polar cap. The open field line is pulled anti-sunward by the solar wind, 

causing the plasma on the flux tube to sense an electric field. In a steady state, a magnetic field 

line is an equi-potential to a good approximation, and thus, the electric field must be sensed all 

along the open flux tube. At the ionospheric end, this electric field, pointing from dawn toward 

dusk, drives flows from noon toward midnight. Then, plasma flows back toward the dayside at 

somewhat lower latitudes on both the dawn and dusk sides (Figure 1.2) [e.g. Hughes, 1995]. This 

double-vortex flow pattern is roughly stationary in a sun-fixed coordinate system and termed 

 

Figure 1.3 The two-cell DP-2 current system determined from magnetic disturbance. Closed 

contours show the flow lines for an equivalent ionospheric current that produces the observed 

ground magnetic perturbations. Reproduced by permission of American Geophysical Union from 

Clauer and Kamide [1985]. 
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“convection” due to its similarity to thermally driven flow cells, though it is in no sense 

thermally driven. 

Associated with the plasma convection is a current system named the disturbance polar of 

the second type (DP-2) or convection electrojet (Figure 1.3), which produces ground magnetic 

disturbance. The currents, flowing at right angles to the ionospheric electric field, i.e. Hall 

currents, are produced by the drift of ionospheric charges in the presence of orthogonal electric 

and magnetic fields. In the weakly collisional ionosphere, electrons drift faster than ions, 

producing a current in a direction opposite to the plasma flow. The form of this convection 

pattern provided the initial insight into the coupling between solar wind and magnetosphere.  

1.3.1 Cross polar cap potential: Measurements and saturation  

The cross polar cap potential (ΦPC) is defined as the potential drop across the open fields and 

measures the rate of magnetic flux transfer from the solar wind to the magnetosphere. It is 

widely regarded as an important parameter in characterizing the interaction between solar wind 

and magnetosphere.  

Four techniques are commonly used to measure this parameter [e.g. Gao, 2012a]. 

Assimilative Mapping of Ionospheric Electrodynamics (AMIE) assimilates magnetic field data 

from ground magnetometers and electric field data from radars and satellites to map high-latitude 

electrostatic potentials, from which the difference of the potential extrema is used to estimate 

ΦPC [Richmond and Kamide, 1988; Richmond et al., 1988]; Defense Meteorological Satellite 

Program (DMSP) measures the cross-track ion drift velocity, and estimates ΦPC by the difference 

of the potential extrema along the spacecraft trajectory [Hairston et al., 1998]; the polar cap (PC) 
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index is derived from the surface magnetic field perturbation [Troshichev et al., 1988] and is 

empirically found to relate to ΦPC through the formula of Troshichev et al. [1996], i.e.,  

 ΦPC [kV] ≈ 19.35PC + 8.78; (1.1) 

(See also Ridley and Kihn [2004] for a different empirical formula to convert from the PC index 

to ΦPC.) Super Dual Auroral Radar Network (SuperDARN) measures the line-of-sight 

ionospheric convection velocities with a ground-based network of radars and then infers 

functional forms of the electrostatic potential and ΦPC is obtained from the difference of the 

potential extrema [Ruohoniemi and Baker, 1998].  

It is found that the cross polar cap potential varies approximately linearly with the solar 

wind electric field for nominal conditions, but asymptotes to a constant value of order 200 kV for 

large electric field. The saturation of cross polar cap potential is consistent with observations 

[Shepherd et al., 2002; Nagatsuma, 2002a; Hairston et al., 2003; Ober et al., 2003], and is found 

to occur in MHD simulations [e.g. Raeder et al., 2001; Siscoe et al., 2002; Merkine et al., 2003]. 

Several models were proposed to explain the saturation of ΦPC [Siscoe et al., 2002; 2004; 

Kivelson and Ridley, 2008; Borovsky et al., 2009]. However, its physical mechanism is still in 

debate. See Borovsky et al. [2009] for a comparison of several saturation models.  

1.4 Geomagnetic substorm and DP-1 currents  

A geomagnetic substorm is a brief disturbance (about an hour) in the Earth’s magnetosphere that 

causes energy to be released from the magnetotail and injected into the high-latitude ionosphere. 

A substorm is seen as a sudden brightening of auroral arcs. The magnetic field in the auroral 

zone can change by 1000 nT or more. In general, substorms occur roughly six times per day, 

though they are more intense and more frequent during a geomagnetic storm.  
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Substorms are distinct from geomagnetic storms in that the latter take place over a period 

of several days and are observable from anywhere on Earth. Storms also inject a large number of 

ions into the outer radiation belt, and occurs once or twice a month during the maximum of the 

solar cycle and a few times a year during solar minimum. The source of the magnetic 

disturbances observed at the Earth's surface during geomagnetic storms is the ring current, 

whereas the sources of magnetic disturbances observed on the ground during a substorm are 

electric currents in the ionosphere at high latitudes.  

The current system during a substorm is fundamentally different from the two-cell pattern 

previously described. The main characteristic of this current system is the sudden enhancement 

of the westward electrojet cross the midnight sector. According to Akasofu et al. [1965], a 

westward current begins to flow along the newly brightened auroral arc. They also believed that 

 

Figure 1.4 The single-cell DP-1 current system during the substorm expansion phase. 

Reproduced by permission of American Geophysical Union from Clauer and Kamide [1985].  
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the pattern was primarily a single cell centered at midnight, with strong currents across the 

auroral bulge and weaker return currents at both higher and lower latitudes. This current system 

is referred to as disturbance polar of the first type (DP-1), also the substorm electrojet (Figure 

1.4).  

1.5 Coupling functions  

The magnetospheric dynamo is primarily governed by its solar wind driver through low-latitude 

magnetopause reconnection [e.g. McPherron, 1995]. Due to its importance, the solar wind-

magnetosphere coupling has attracted attention of many studies [Dungey, 1961; Vasyliunas, 

1975; Daughton et al., 2011]. One purpose of such studies is to predict the state of 

magnetosphere from solar wind input. For example, Weimer [1996; 2001; 2005] empirically 

modeled the high-latitude electric potential as a function of solar wind parameters by 

constructing a spherical harmonic expansion and fitting the coefficients to the DE-2 satellite data. 

Kan and Lee [1979] assumed an idealized reconnecting field line geometry and derived a electric 

field resulting from low-latitude magnetopause reconnection, whose consistency with polar cap 

magnetic field disturbance was later reported by Troshichev et al. [1988]. Besides, global MHD 

simulations are often used for such studies [e.g. Raeder et al., 2001; Siscoe et al., 2002; Merkine 

et al., 2003]. To model the coupling process by using a coupling function of solar wind and 

magnetospheric parameters is appealing, since a coupling function is usually simple enough to 

help understand the underlying physics.  

A coupling function is usually related to the rate of energy, momentum or magnetic flux 

transfer rate from the solar wind to the magnetosphere . The earliest coupling functions are 

dynamic pressure (pdyn) [Chapman and Ferraro, 1931] and IMF BZ [Dungey, 1961]. Soon, it was 
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realized that pdyn does not directly predict geomagnetic activity, and BZ, though important in 

controlling magnetopause reconnection, does not correlate well with geomagnetic indices. The 

first non-trivial coupling function was the half-wave rectifier (vBs) proposed by Burton et al. 

[1975], which correlates well with Dst and has been widely used in later studies [e.g. Bargatze et 

al., 1985]. Here, v is the solar wind bulk velocity, and Bs is related to IMF BZ through  

 Bs = –BZ for BZ < 0 and Bs = 0, for BZ ≥ 0. (1.2) 

In the following three decades, various coupling functions have been proposed [e.g. Wygant et 

al., 1983; Reiff and Luhmann, 1986; Scurry and Russell, 1991]. These functions can be 

summarized in the form  

 Fc = nα vβ Bγ G(θ), (1.3) 

where n is the solar wind number density, B is the IMF magnitude, θ is the IMF clock angle 

measured clockwise from the GSM Z axis in a plane perpendicular to the earth-sun line, and α, β, 

γ are numbers. Here, G(θ) is frequently assumed to vary as  

 G(θ) = sinδθ/2, (1.4) 

where δ is a number [e.g. Kan and Lee, 1979]. The coupling functions often encountered in 

literature include the ε parameter of Perrault and Akasofu [1978], the merging electric field (EK-L) 

of Kan and Lee [1979], the universal coupling function (ΦN) of Newell et al. [2007]. See Chapter 

2 for their definitions as well as those less often encountered coupling functions.  

1.6 Geomagnetic indices: State variables of magnetosphere  

Geomagnetic indices are often used to quantify the state of the magnetosphere, and thus, provide 

useful tools to evaluate various coupling functions. Through the 20th century, various magnetic 

indices were defined in studies of solar-terrestrial physics. An index is a monotonic function of 
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some important physical parameter related to the phenomenon causing the disturbance 

[McPherron, 1995]. In practice, an index is easily defined and derived with high time resolution, 

continuous coverage and, ideally, global scope. Following the above philosophy, commonly used 

indices include the disturbance storm time (Dst) index, the planetary K (Kp) index, the auroral 

electrojet (AE) index, and the polar cap (PC) index. The Dst index, constructed by averaging the 

horizontal component of the geomagnetic field from 4 mid-latitude and equatorial stations, 

measures the strength of the ring current. The Kp index, obtained from 13 mid-latitude stations, 

measures general planetary wide geomagnetic disturbances at mid-latitude. The AE index, 

computed from 12 auroral zone observatories, measures the strength of the auroral electrojets. 

The PC index was derived from a single station located in the polar cap to approximate the 

electric field of Kan and Lee [1979]. Since the PC index is measured from a single station, it is 

questionable whether this index can quantify the state of magnetosphere. The generality of the 

PC index is justified by its high correlation with many ionospheric parameters on a global scale, 

e.g. cross polar cap potential [Troshichev et al., 1996; Ridley and Kihn, 2004], hemispheric Joule 

heating rate [Chun et al., 1999; 2002], auroral power [Liou et al., 2003], etc. For over a century, 

studies of solar-terrestrial physics have relied heavily on these indices. 

1.6.1 Auroral electrojet (AE) index 

The auroral electrojet index is used to quantify the strength of a substorm. This index was 

defined by Davis and Sugiura [1966] to obtain a measure of the strength of the auroral electrojets. 

The horizontal magnetic field disturbances of 12 observatories almost uniformly distributed in 

auroral zone in the Northern Hemisphere are selected to derive the AE index. Monthly mean 

values are first subtracted from each station’s trace to give a base value of zero. The traces are 

then plotted with respect to a common baseline, and upper and lower envelopes are calculated. 
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The AU (auroral upper) index is defined at any instant of time as the maximum positive 

disturbance recorded by any station in the chain. Similarly, AL is defined as the minimum 

disturbance defined by the lower envelope. If the disturbances were caused by an infinite sheet 

current, then AU and AL would be proportional to the maximum overhead current density in the 

two electrojets. A single measure that approximates the total effect of both electrojets is defined 

as AE = AU – AL.  

1.6.2 Polar cap (PC) index  

The polar cap (PC) index, derived from surface magnetic field disturbances, is a model based 

index used to monitor the electric field resulting from low-latitude magnetopause reconnection. 

Troshichev et al. [1988] found that, by projecting the surface magnetic field perturbation to the 

direction perpendicular to the mean transpolar DP-2 current, the resulting quantity (ΔFPROJ) 

varies approximately linearly with the merging electric field of Kan and Lee [1979] (EK-L), i.e., 

 ΔFPROJ ≈ αEK-L + β. (1.5) 

Thus, by defining  

 PC = (ΔFPROJ – β)/α, (1.6) 

the resulting PC index directly approximates EK-L, i.e.,  

 PC ≈ EK-L. (1.7) 

The PC index is derived from one station located within the polar cap for each hemisphere: 

Qaanaaq at 86.5o magnetic latitude for the northern PC index (PCN), Vostok at –83.4o magnetic 

latitude for the southern PC index (PCS). See Stauning [2011] for a more detailed derivation of 

the PC index. 
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1.7 Outline of the thesis 

In this thesis, I investigate how the polar cap dynamics, quantified by the PCN index, responds to 

its solar wind driver and magnetotail driver during intervals of strong geomagnetic activity. 

Further introduction and review of related work will be given in the corresponding chapters.  

In Chapter 2, I examine 53 one to two-day intervals that include exceptionally large (10 

mV/m) merging electric field and find that, among 11 candidate coupling functions including the 

merging electric field of Kan and Lee [1979], and universal coupling function of Newell et al. 

[2007], the PCN index correlates most closely with the electric field (EK-R) of Kivelson and 

Ridley [2008]. Here, EK-R is a form in which the electric field imposed on the ionosphere by low-

latitude magnetopause reconnection saturates at high levels of geomagnetic activity. I also find 

that the magnetotail processes, as represented by an unloading AL index, denoted as ALU, make 

a significant contribution to the PCN index. A linear model is constructed to relate the polar cap 

index to its solar wind driver (EK-R) and magnetotail driver (ALU), i.e., PCN ≈ β0 + β1zs(EK-R) + 

β2zs(ALU), where β0, β1, and β2 are constants estimated from regression, and zs(⋅) is a 

normalization function. The solar wind dynamic pressure (pdyn) does not play a key role in 

controlling the PCN index. However, under intense solar wind driving, the number density (n) 

can influence the solar wind-magnetosphere coupling through solar wind Alfvén conductance, 

which is incorporated in EK-R.  

In Chapter 3, I examine the validity of the linear approximation between the PCN index 

and EK-R, ALU, as assumed in Chapter 2. The results of the linear model are compared to those 

obtained from a more flexible, non-linear model, PCN ≈ α + f1(EK-R) + f2(ALU), where α is a 

constant, and f1(⋅), f2(⋅) are arbitrary smooth functions. I find that the results of the two models 
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are close to each other, which indicates that the linear assumption is, in general, valid. However, 

there are anomalous events during which the auroral oval expanded poleward to the latitude of 

Qaanaaq and the PCN index increased because of proximity to auroral zone currents. For such 

events, the linear model fails.  

In Chapter 4, the linear model is applied to most of the days in solar cycle 23 to study the 

relative driven and unloading portion of the PCN index. A driven-to-unloading ratio (DUR) is 

defined based on the regression coefficients, i.e., DUR = |β1/β2|, and its long-term variation with 

solar cycle is investigated. I find that, near solar maximum, the relative driven contribution 

decreases. Besides, a seasonal variation of DUR is observed. Namely, DUR is enhanced in 

summer, and decreases in winter.  

Although EK-R is successful in explaining the polar cap magnetic disturbance at high 

levels of geomagnetic activity by taking saturation into account, a competing saturation model by 

Siscoe et al. [2002] exists. In Chapter 5, these two models are compared and their predictions are 

compared with measurements (AMIE, DMSP, PC index, and SuperDARN). It is found that, in 

the saturation limit, these two models give almost identical predictions. Given the great 

uncertainties in measurements, it is impossible to prefer one model to the other.  

Finally, the conclusions of this thesis are summarized in Chapter 6. Finally, possible 

future works are discussed.  
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CHAPTER 2  

A Linear Model for Solar Wind-Magnetosphere Coupling 

2.1 Introduction  

The earth’s magnetosphere dynamo is primarily governed by two types of processes. They have 

been categorized as driven processes and unloading processes [McPherron and Baker, 1993]. A 

driven process is one for which the output, often measured by a geomagnetic index, is 

proportional to the solar wind input with at most a small time delay. The DP-2 current system is 

powered by the direct projection of the solar wind electric field onto the conducting ionosphere 

[Iijima and Nagata, 1972; Kokubun, 1972]. In contrast, an unloading process is one in which the 

magnetosphere accumulates energy without a corresponding output until, after a substantial time 

delay, energy is unloaded, often abruptly. As envisioned by Akasofu [1979b], the unloading 

process is internal to the magnetosphere, and hence, its wave form bears little resemblance to the 

input. The DP-1 current system is powered by processes internal to the plasma sheet [McPherron 

and Baker, 1993]. Measured by the AL index, it has been shown that magnetospheric activity is 

controlled by both driven processes and unloading processes [Bargatze et al., 1985]. The polar 

cap is typically open to the solar wind, so it is believed to respond primarily to the direct driving 

of solar wind [Troshichev et al., 1988; 1996]. In previous studies [e.g. Troshichev et al., 1988; 
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1996], direct coupling between the solar wind and polar cap was established by correlating the 

PC index with the merging electric field of Kan and Lee [1979].  

The PC index, therefore, has been interpreted as a way of quantifying the portion of 

magnetospheric activity directly driven by the solar wind [1988]. The algorithm from which the 

index is calculated is based on a statistical analysis of the relationship between variations in 

merging electric field (EK-L) [Troshichev et al., 1988] and geomagnetic perturbations of the local 

magnetic field (ΔFPROJ) at a high-latitude station on the Earth’s surface. The merging electric 

field is related to the solar wind parameters through   

 EK-L = vBYZsin2θ/2, (2.1) 

where v is the magnitude of the solar wind velocity,  

 BYZ = (BY
2+BZ

2)1/2 (2.2) 

in the GSM coordinate system, and θ is the IMF clock angle measured from the GSM Z axis in a 

plane perpendicular to the earth-sun line.  

Two near-pole magnetic observatories have been used for derivations of the PC index: 

Qaanaaq in Greenland at 86.5o magnetic latitude for the northern PC index (PCN), and Vostok in 

Antarctica at –83.4o  magnetic latitude for the southern PC index (PCS) [Troshichev et al., 2006]. 

The surface magnetic field perturbations are caused by the ionospheric Hall currents. Thus, the 

perturbations are expected to be approximately perpendicular to the transpolar DP-2 currents. 

ΔFPROJ is defined as the perturbation in this direction, i.e.,  

 ΔFPROJ = ΔHsinγ + ΔDcosγ, (2.3) 

where ΔH and ΔD are deviations in the ground horizontal (H and D) magnetic field components 

from a pre-established quiet level, and  
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 γ = λ ± DE + φ + UT ⋅ 15o. (2.4) 

For PCN, the reference is the internal field level, whereas, for PCS, the reference is the quiet 

level, which is the sum of the internal field and a quiet day curve (QDC) [Janzhura and 

Troshichev, 2008]. In equation (2.4), DE is the station’s declination angle with “+” for the 

Southern Hemisphere and “–” for the Northern Hemisphere, λ is its geographical longitude, and 

φ, is the UT-dependent angle between the average DP-2 transpolar current and the noon-

midnight meridian [Stauning, 2011]. Troshichev et al. [1988] showed that ΔFPROJ varies 

approximately linearly with the merging electric field, i.e., 

 ΔFPROJ ≈ αEK-L + β. (2.5) 

The PC index is defined as  

 PC = (ΔFPROJ – β) / αη, (2.6) 

where η = 1mV/m is a normalization coefficient introduced to make the PC index dimensionless. 

Thus, in principle,  

 PC ≈ EK-L.  (2.7) 

Stauning [2011] discussed the derivation of the PC index in more detail.  

Since its definition, various statistical analyses have demonstrated that the PC index can 

be regarded as an instantaneous estimator of diverse ionospheric phenomena. For example, 

Troshichev et al. [1996] related the PC index to the cross polar cap potential (ΦPC) measured by 

EXOS-D and obtained a linear relationship,  

 ΦPC [kV] ≈ 19.35PC + 8.78. (2.8) 

Ridley and Kihn [2004] took seasonal effects into account and proposed a different formula to 

convert from the PC index to the cross polar cap potential measured by AMIE,  

 ΦPC [kV] ≈ 29.28 – 3.31sin(T+1.49) + 17.81PC, (2.9) 
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where T is the month of the year normalized to 2π, i.e.,  

 T = (month – 1) × 2π/12. (2.10) 

For example, January = 0, July = π, December = 11×2π/12. Troshichev et al. [2000]related the 

cross polar cap electric field measured by DMSP to the PC index using a second order 

polynomial. Fiori et al. [2009] confirmed the relationship proposed by Troshichev et al. [2000] 

by obtaining a similar result between the ionospheric plasma convection velocity and the PC 

index. Liou et al. [2003] examined the statistical relationship between auroral power and the 

polar cap index and found a reasonably large correlation coefficient (ρ ≈ 0.7). Chun et al. [1999; 

2002] have shown that the PC index can serve as a proxy for the hemispheric Joule heating 

production rate and claimed that it is possible to predict the Joule heating pattern from the PC 

index. Since the algorithm used to derive the PC index has evolved dramatically, discrepancies in 

results from different studies may be attributed in part to the use of different forms of the PC 

index.  

Despite the general success in describing how the solar wind affects the polar ionosphere 

using the PC index, few studies have paid attention to times of intense geomagnetic activity. 

However, the saturation of cross polar cap potential at such times has been extensively discussed 

[Russell et al., 2000; Nagatsuma, 2002a; Shepherd et al., 2002; Siscoe et al., 2002; 2004; 

Kivelson and Ridley, 2008]. In exploring the physical mechanism of the saturation of the cross 

polar cap potential, Kivelson and Ridley [2008] took into consideration the partial reflection of 

the merging electric field (EK-L)at the top of the ionosphere and proposed that the electric field 

observed in the ionosphere (EK-R) would differ from that directly imposed from the solar wind, 

i.e.,  

 EK-R = EK-L 2ΣA/(ΣP+ΣA), (2.11) 
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where 2ΣA/(ΣP+ΣA) is the transmission coefficient. In equation (2.11), ΣP is the ionospheric 

Pedersen conductance, and ΣA is the solar wind Alfvén conductance. Here  

 ΣA = 1/μ0vA, (2.12) 

where vA is the solar wind Alfvén velocity,   

 vA = B / (μ0ρsw)1/2, (2.13) 

ρsw is the solar wind mass density, and μ0 = 4π×10-7 H/m is the permeability of free space. Under 

typical solar wind conditions, e.g. EK-L < 5 mV/m, ΣA ≈ 16 S, which is slightly larger than but 

close to ΣP. Thus,  

 EK-R ≈ 1.2 EK-L. (2.14) 

Nevertheless, under intense solar wind driving, e.g. EK-L > 10mV/m, ΣA decreases to such an 

extent that ΣA < ΣP, and thus,  

 EK-R < EK-L. (2.15) 

It has been argued that EK-R serves as a better indicator of the electric field in the ionosphere 

caused by the low-latitude magnetopause reconnection than does EK-L, especially when EK-L is 

unusually large. Consequently, it is of interest to consider which of the two forms of the electric 

field correlates more closely with the driving convection in the polar cap by investigating the 

behavior of the PC index during exceptionally active intervals.  

Different mechanisms have been proposed to explain the saturation of cross polar cap 

potential [e.g. Borovsky et al., 2009]. For example, Siscoe et al. [2002; 2004], who adopted and 

developed the model by Hill et al. [1976], argued that the saturation of cross polar cap potential 

results from a feedback in which the magnetic field generated by the Region-1 current becomes 

comparable to and opposes the earth’s dipole field at the magnetopause where reconnection 

occurs. By significantly weakening the field that is reconnecting, the Region-1 current ultimately 
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limits how fast reconnection occurs, resulting in the saturation of cross polar cap potential. 

Although the physical mechanism proposed by Siscoe et al. [2002; 2004] is fundamentally 

different from that of Kivelson and Ridley [2008], the predicted electric fields from the two 

models are similar. In Chapters 2, 3 and 4, EK-R is used as representative of the electric field 

imposed on the polar ionosphere by low-latitude magnetopause reconnection that takes 

saturation into account. See Borovsky et al. [2009] for a review of many saturation models. The 

saturation model of Kivelson and Ridley [2008] is compared to that of Siscoe et al. [2002] in 

Chapter 5.  

Unlike the PC index, the auroral electrojet (AE) index is meant to estimate the release of 

energy stored in the magnetotail during substorms. Although it is often assumed that the PC 

index is not significantly affected by substorm dynamics in the magnetotail, previous studies 

have shown that the correlation between the PC and the AE indices is high. Vennerstrøm et al. 

[1991] showed that the PC index correlates well with the AE and AL indices, with the 

correlation coefficient being equal to 0.8-0.9 in winter and 0.6-0.8 in summer. Huang [2005] 

examined the relationship between the PC index and substorm activity and found that the PC 

index is enhanced after substorm onset. Thus, the PC index, due to its great simplicity, provides 

an excellent tool for quantifying the influence on the polar cap dynamics of both the solar wind 

driver and the magnetospheric unloading process.  

The solar wind dynamic pressure (pdyn) has also been found to influence the PC index 

[Lukianova, 2003]. Lukianova [2003] examined the relationship between EK-L, pdyn, and the PC 

and AE indices in detail and concluded that the PC index directly responds to an enhancement in 

pdyn and the influence of pdyn pulses can be as large as the influence of southward IMF. 
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Troshichev et al. [2007] carried out a superposed epoch analysis of 62 pressure jumps between 

1998 and 2002 and concluded that the solar wind pressure growth rate (i.e., the jump in power, 

dpdyn/dt) appears to be the second most important factor after EK-L in controlling variations of the 

PC index (see also Stauning and Troshichev [2008]). Stauning et al. [2008] examined the 

relationship between the PC index and the dynamic pressure for typical conditions and found 

little correlation between the PC index and the steady state solar wind dynamic pressure. Huang 

[2005] performed both case study and statistical analysis on the role of solar wind dynamic 

pressure pulse on the PC index under many solar wind conditions and concluded that, on average, 

the solar wind dynamic pressure is less important than either the solar wind electric field or 

substorm activity.  

In this chapter, I investigate the influence of the solar wind and magnetotail activity on 

polar cap dynamics by studying the relationship between the PCN index and various solar wind-

magnetosphere coupling functions as well as geomagnetic indices. I focus on intervals of intense 

geomagnetic activity for which the coupling functions are likely to be different. I apply 

regression analysis to 53 one to two-day intervals from 1998 to 2006 with subintervals during 

which the cross polar cap potential predicted by equation (2.8) exceeds 150 kV. It is found that, 

(1) among the 11 candidate coupling functions, the PCN index correlates best with EK-R; (2) the 

PCN index is influenced by both external and internal flows, i.e. by the solar wind as 

characterized by the electric field of Kivelson and Ridley [2008] (EK-R) and by magnetotail 

activity as represented by an unloading AL index (ALU); (3) the dayside input, or equivalently, 

the electric field of the solar wind contributes more than the nightside input or, equivalently, the 

energy release in substorms; (4) if the effect of varying solar wind density is attributed to the 

modified electric field, EK-R, the residual PCN index does not respond directly to pdyn or jumps in 



22 
 

pdyn; (5) the auroral oval may, on occasion, expand poleward to as far north as Qaanaaq (86.5o 

magnetic latitude), in which case the PCN index records the effects of currents flowing on 

nearby closed field lines and may become unusually large.  

Table 2.1 One to Two-Day Intervals Between 1998 and 2006 with Subintervals during Which 

Equation (2.16) is met. Reproduced by permission of American Geophysical Union from Gao et al. 

[2012c]. 

4 May 1998 27 March 2001 14 October 2003 

29 May 1998 31 March 2001 24 October 2003 

26-27August 1998 4 April 2001 31 October 2003 

24-25 September 1998 8 April 2001 4 November 2003 

8 November 1998 11-12 April 2001 20 November 2003 

18 February 1999 18 April 2001 6 January 2004 

22 September 1999 28 April 2001 22 January 2004 

21-22 October 1999 17 August 2001 25-26 July 2004 

27 January 2000 3 October 2001 7-8 November 2004 

12 February 2000 21 October 2001 7 January 2005 

6-7 April 2000 30 December 2001 17 January 2005 

23 -24 May 2000 17 April 2002 21 January 2005 

8 June 2000 19-20 April 2002 8 May 2005 

13 July 2000 23 May 2002 15 May 2005 

16 July 2000 7 September 2002 24 August 2005 

12 August 2000 21 November 2002 15 September 2005 

17-18 September 2000 29-30 May 2003 14-15 December 2006 

5 October 2000 18 August 2003  
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2.2 Analysis  

In this chapter, I concentrate on geomagnetically-active times when the PCN index exceeds a 

baseline value. The cases are extreme cases that include intervals during which the cross polar 

cap potential predicted from the PCN index using equation (2.8) exceeds 150 kV, i.e.,  

 ΦPC ≈ 19.35 PC + 8.78 > 150 kV (2.16) 

and typically EK-L > 10 mV/m and PCN > 5. Using this criterion, I select 53 one to two-day 

intervals between 1998 and 2006 (shown in Table 2.1).  

2.2.1 The electric field of Kivelson and Ridley [2008], EK-R 

According to Kivelson and Ridley [2008], when the impedance of the solar wind across open 

polar cap field lines dominates the impedance of the ionosphere, Alfvén waves incident from the 

solar wind are partially reflected, reducing the strength of the signal in the polar cap. Thus the 

ratio of the cross polar cap electric field to the merging electric field imposed by the solar wind is 

2ΣA/(ΣA+ΣP), i.e.,  

 EK-R = EK-L2ΣA/(ΣA + ΣP). (2.17) 

This form has the interesting property of depending on both solar wind and ionospheric 

properties. In addition, if the density variation from solar wind to ionosphere along a field line is 

taken into account, ΣA is computed from   

 ΣA = (ρpc/ρsw)1/4  (1/μ0vA), (2.18) 

where ρpc, depending on ρsw, is the mass density in the low-altitude polar cap (e.g. 2RE) at the top 

of the ionosphere. Probable values of (ρpc/ρsw)1/4, insensitive to solar wind conditions, are likely 

to differ from 1 by no more than a factor of 2. As the values of ρpc are not routinely measured 

[Kitamura et al., 2011], one should use ΣA = 1/μ0vA with the understanding that this introduces 
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errors of a few tens of percent in the calculations. (For details, please refer to the appendix of 

Kivelson and Ridley [2008]) ΣP is the ionospheric Pedersen conductance chosen to be 10 S 

[Kivelson and Ridley, 2008]. I also run the analyses using values of 5 S and 15 S for ΣP and find 

that the conclusion remains unchanged from those reached when ΣP is 10 S.  

Table 2.2 Solar Wind-Magnetosphere Coupling Functions With Definition and Reference In 

Chronological Order1

Coupling Function 

. Reproduced by permission of American Geophysical Union from Gao et al. 

[2012c].  

Reference 

EB = vBs Burton et al. [1975] 

εP-A = vB2sin4θ/2 Perrault and Akasofu [1978] 

EK-L = vBYZsin2θ/2 Kan and Lee [1979] 

εV = n1/6v5/3BYZsin2θ/2 Vasyliunas et al. [1982] 

ΦP = n-1/2B2sin3θ/2 Pudovkin et al. [1982] 

EW = vBYZsin4θ/2 Wygant et al. [1983] 

pT-A = n1/2vBYZsinθ/2 Troshichev and Andrezen [1985] 

εS-R = n1/6v4/3BYZsin4θ/2 Scurry and Russell [1991] 

εT-L = n1/2v2BYZsin6θ/2 Temerin and Li [2006] 

ΦN = v4/3BYZ
2/3sin8/3θ/2 Newell et al. [2007] 

EK-R = EK-L2ΣA/(ΣA + ΣP) Kivelson and Ridley [2008] 

 

                                                 
1 Here, E represents an electric field coupling function, Φ indicates a magnetic flux transfer function, ε indicates an 

energy transfer function, and p stands for a momentum transfer function. In these formulas, B is the IMF magnitude, 

and BYZ is defined in equation (2.2) in GSM coordinates. 
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Table 2.3 Correlation Coefficients Linking the PCN Index with Various Coupling Functions 

Purported to Quantify the Strength of Solar Wind-Magnetosphere Interaction2

 

. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012c].  

PCN EB εP-A EK-L εV EP EW pT-A εS-R εT-L ΦN EK-R 

PCN 1.00 0.70 0.78 0.71 0.77 0.46 0.71 0.84 0.82 0.80 0.78 0.87 

EB  1.00 0.88 0.97 0.95 0.90 1.00 0.84 0.91 0.92 0.86 0.79 

εP-A   1.00 0.90 0.91 0.73 0.90 0.86 0.89 0.86 0.99 0.87 

EK-L    1.00 0.99 0.90 0.99 0.89 0.90 0.88 0.88 0.82 

εV     1.00 0.83 0.97 0.95 0.95 0.92 0.90 0.88 

EP      1.00 0.90 0.63 0.67 0.67 0.90 0.51 

EW       1.00 0.87 0.92 0.91 0.87 0.81 

pT-A        1.00 0.97 0.92 0.85 0.95 

εS-R         1.00 0.99 0.87 0.93 

εT-L          1.00 0.84 0.90 

ΦN           1.00 0.90 

EK-R            1.00 

 

I first compare the correlation between the PCN index and EK-R with correlations between 

the PCN index and the previously-proposed coupling functions between the solar wind and the 

earth’s magnetosphere shown in Table 2.2. Table 2.3 shows the correlation coefficients among 

the PCN index and those coupling functions during an event on 20 November 2003. The PCN 

index correlates best with EK-R, with correlation coefficient 0.87. 

                                                 
2 The solar wind are propagated to XGSM = 17 RE using the technique of Weimer et al. [2003] and Weimer [2004]. 
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In Figure 2.1, the time series of the PCN index (blue), the merging electric field of Kan 

and Lee [1979] (green) and the electric field of Kivelson and Ridley [2008] (red) are plotted. For 

values of EK-L < 5 mV/m, there was little difference between EK-L and EK-R, but for larger values 

of EK-L and especially between 12:00 UT and 18:00 UT, EK-L and EK-R differed considerably. The 

PCN index obviously followed EK-R more closely. 

I also compare correlations obtained from regression analyses with the PCN index as the 

dependent variable and both EK-L and EK-R as independent variables, i.e.,  

 PCN = β0,K-L
 + β1,K-LEK-L + εK-L, (2.19) 

 

Figure 2.1 The PCN index, merging electric field of Kan and Lee [1979] (EK-L) and the electric 

field of Kivelson and Ridley [2008] (EK-R) on 20 November 2003. Here, EK-L and EK-R are 

calculated from the propagated solar wind data without additional time shift. The blue line is the 

measured PCN index. The green line is EK-L in mV/m. The red line is EK-R in mV/m evaluated 

for ΣP = 10 S. Reproduced by permission of American Geophysical Union from Gao et al. [2012c].  
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and  

 PCN = β0,K-R
 + β1,K-REK-R + εK-R, (2.20) 

where β0,K-L, β1,K-L, β0,K-R, and β1,K-R are regression coefficients, and εK-L and εK-R are assumed to 

be Gaussian noise. Recall that the Weimer et al. [2003] and Weimer [2004] technique is used to 

propagate the solar wind from ACE to XGSM = 17 RE. Ashour-Abdalla et al. [2008] compared 

properties of the solar wind propagated from L1 with properties directly observed by a near-earth 

satellite (e.g. Geotail). They found general consistency between the propagated solar wind and 

observed solar wind, although they differed in some cases. Differences are more frequently 

observed during active times. See also Ridley [2000]. Therefore, I add time shifts for each 

individual event to obtain the maximum cross-correlations between the PCN index and EK-L and 

between the PCN index and EK-R respectively. The added time shifts are typically between 0 and 

20 minutes with peak occurrence close to 12 minutes. Given the great complexity of establishing 

time delays between solar wind quantities and the PCN index, a cross-correlation analysis 

provides only an approximation to the precise time delay, but the uncertainty does not mask the 

correlations that are studied.  

In order to compare the degree to which the PCN index can be predicted from EK-L and 

EK-R through a linear model, two statistics are calculated: prediction efficiency (R2) and error 

variance (σ2). R2, also termed coefficient of determination, is defined as  

 R2 = 1 – SSRes/SSTotal. (2.21) 

Here, SSRes, the residual sum of squares, is defined in terms of the deviations of measurements 

from a linear model as  

 SSRes = || y – ŷ ||2, (2.22) 
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where y is the vector of observations, ŷ is the vector of least-square fits, and ||x|| represents the 

Euclidean norm of a vector x.  Similarly, SSTotal, the total sum of squares, is defined as  

 SSTotal = || y – y ̅ 1 ||2, (2.23) 

where y ̅ is the sample mean, and 1 is given by 1 = (1, …, 1)T. R2, which takes values between 0 

and 1, i.e.,  

 R2 ∈ [0, 1], (2.24) 

represents the proportion of variation in the dependent variable that is explained by the model. 

For example, a value such as R2 = 0.7 can be interpreted as meaning: “Approximately 70% of the 

variation in the dependent variable can be explained by the assumed independent variables. The 

remaining 30% must be explained by unknown variables or inherent variability” [Myers, 2000]. 

In a linear regression analysis, which is the model that is employed here, R2 is the square of the 

correlation coefficient (ρ). Although statistically only R2 of the variation can be attributed to the 

independent variables tested, in this study, R2 ≥ 0.5 is taken to indicate adequacy of fit. The 

criterion is a weak one, but the majority of the cases (33 of 53) satisfy the stronger criterion R2 ≥ 

0.6, and 21 of the 53 cases satisfy the criterion R2 ≥ 0.7.  

The error variance is estimated from the variance of the residuals [Myers, 2000], i.e., 

 σ2 ≈ SSRes / (n – p), (2.25) 

where n is the number of observations, and p is the number of parameters. For example, for 

equation (2.41) later used in this paper, p = 3. For the event of 20 November 2003, the results are 

shown in Figure 2.2.  

Because the magnitudes of the independent variables can be quite different, it is helpful 

to normalize them so they all have similar ranges. The weighting of the normalized independent 
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variable can then represent its importance. The normalization is achieved through replacement of 

the variable X with mean μX and standard deviation σX by its z-score, which is specified as,  

 zs(X) = (X – μX) / σX . (2.26) 

The normalized quantity has expectation 0 and standard deviation 1. For example, in Figure 2.2 

(a), the relation between the PCN index and zs(EK-L) is summarized as  

 PCN = 5.60 + 2.55zs(EK-L) + εK-L. (2.27) 

For a normalized independent variable, the regression coefficient indicates the weight of this 

factor. Thus, if multiple independent variables contribute to the PCN index, a direct comparison 

Figure 2.2 Comparison between the measured PCN index and the predicted PCN index based on 

solar wind parameters for the storm of 20 November 2003. The blue line is the measured PCN 

index. The green line is the predicted PCN index based on a linear regression from (a) the solar 

wind merging electric field (EK-L); (b) the electric field of Kivelson and Ridley [2008] (EK-R). 

Additional time shifts have been added to the propagated solar wind data to achieve the highest 

correlation between the PCN index and EK-L and between the PCN index and EK-R respectively. 

R2 and error variance are calculated to estimate the goodness of fit. Reproduced by permission of 

American Geophysical Union from Gao et al. [2012c]. 
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of regression coefficients linking the PCN index and the corresponding z-score representations 

reveals the relative importance among all the independent variables. In Figure 2.2 (b), such a 

relation between the PCN index and EK-R yields  

 PCN = 5.45 + 2.96zs(EK-R) + εK-R. (2.28) 

R2 and error variance have been calculated for both EK-L and EK-R. The PCN inferred from EK-R 

corresponds more closely to the measured PCN index (Figure 2.2 (b)) than does the PCN index 

predicted from EK-L (Figure 2.2 (a)). A direct comparison of the regression coefficient between 

the PCN index and EK-R (2.96) with that between the PCN index and EK-L (2.55) supports the 

stronger predictability of the PCN index from EK-R, which is further confirmed by R2 and error 

variance. R2 is significantly higher for EK-R (0.75) than for EK-L (0.58), while the error variance 

for EK-R (2.90) is significantly lower than for EK-L (4.73).  

Figure 2.3 As in Figure 2.2 for a different event on 8 November 1998. Reproduced by permission 

of American Geophysical Union from Gao et al. [2012c]. 
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Figure 2.3 shows another event on 8 November 1998, and again the estimates of the 

quality of the prediction favor EK-R. When EK-L is significantly different from EK-R, the PCN 

indices predicted from EK-L and EK-R differ considerably. However, most of the time, the 

difference between the EK-L and EK-R is not significant, because for typical solar wind properties, 

the factor multiplying EK-L in equation (2.11) is close to 1. Consequently, most of the time, there 

is an insignificant improvement in changing the basis of prediction from EK-L to EK-R.  

For clarity, I explicitly define ΔR2 as,  

 

Figure 2.4 The difference of R2 (i.e. ΔR2 defined in equation (2.29)) when EK-R is evaluated for 

ΣP = 10 S for all the 53 cases. The summary statistics are: mean, 0.03; standard deviation, 0.06; 

minimum, –0.07; 1st quartile, –0.01; median, 0.02; 3rd quartile, 0.06; maximum, 0.28. Cases are 

arranged in such an order that ΔR2 increases from left to right. Positive values indicate that by 

switching from EK-L to EK-R, the consistency between the measured PCN index and the predicted 

PCN index is improved. Negative values mean otherwise. Reproduced by permission of American 

Geophysical Union from Gao et al. [2012c]. 
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 ΔR2 = R2 of equation (2.20) – R2 of equation (2.19). (2.29) 

Figure 2.4 displays ΔR2 for 53 cases in ΔR2 ascending order. Positive values of ΔR2 indicate 

improvement by switching from EK-L to EK-R as independent variable, while negative values 

mean poorer predictions. R2 increases by using EK-R as an independent variable with a few 

exceptions. Furthermore, the typical negative values are small compared to most of the positive 

values.  

2.2.2 The influence of Pedersen conductance, ΣP 

In equation (2.11), ΣP is an important parameter in determining EK-R, but it cannot be precisely 

estimated. Thus, it is necessary to test the sensitivity of the results to the assumed value of ΣP (10 

 

Figure 2.5 The correlation coefficient between EK-L and EK-R (i.e. ρ defined in equation (2.31)) 

on 20 November 2003 when EK-R is evaluated with different values of ΣP. The red line represents 

the limit of ρ as ΣP approaches ∞. The X axis is logarithmic. Reproduced by permission of 

American Geophysical Union from Gao et al. [2012c]. 
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S). If ΣP is allowed to take values continuously from 0 to ∞, then EK-R becomes a function of ΣP, 

i.e., 

 EK-R = EK-R(ΣP), where ΣP ∈ [0, ∞). (2.30) 

I first notice that the similarity between EK-L and EK-R, as measured by their correlation 

coefficient (ρ), i.e.,  

 ρ(ΣP) = ρ(EK-L, EK-R(ΣP)), (2.31) 

decreases as ΣP increases. This can be partly verified by examining the values of ρ at ΣP = 0 and 

when ΣP approaches ∞. At ΣP = 0, since EK-R(0) = 2EK-L, ρ(0) = 1. When ΣP is very large, i.e. ΣP 

 

Figure 2.6 Change of R2 (i.e. ΔR2 defined in equation (2.29)) on 20 November 2003 when EK-R is 

evaluated with different values of ΣP. The blue line represents ΔR2 as a function of ΣP. The red 

line represents the asymptotic value for infinite conductance, i.e. ΔR2(∞). The green line gives 

the maximum value of ΔR2 and the corresponding ΣP of 20 S. The X axis is logarithmic. 

Reproduced by permission of American Geophysical Union from Gao et al. [2012c]. 
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≫ ΣA, since EK-R ≈ EK-L2ΣA/ΣP, which, apart from constant coefficient 2/ΣP, is equivalent to 

EK-LΣA, the coefficient becomes  

 ρ ≈ ρ(EK-L, EK-LΣA), when ΣP ≫ ΣA. (2.32) 

This value of ρ is expected to be smaller than 1. An example of ρ varying as a function of ΣP on 

20 November 2003 is shown in Figure 2.5. In the range of probable conductance near 10 S, the 

correlation coefficient between EK-L and EK-R is 0.92, 0.86, and 0.72 when ΣP is 5 S, 10 S, and 15 

S respectively.  

Unlike ρ(ΣP), ΔR2 (equation (2.29)), also taken as a function of ΣP, i.e. ΔR2(ΣP), need not 

change monotonically with ΣP. An example, again for the case of 20 November 2003, is shown 

in Figure 2.6. The blue line represents ΔR2 as a function of ΣP. The green line identifies the 

Figure 2.7 Ionospheric Pedersen conductance, ΣP, computed by using equation (2.33) with C0 = 

0.77. (a) Time series of ΣP from 1 January 1997 to 31 December 2009. (b) The histogram of ΣP 

from 1 January 1997 to 31 December 2009 with summary statistics: minimum, 6.21; first quartile, 

6.80; median, 7.99; third quartile, 9.53; maximum, 13.88. Reproduced by permission of American 

Geophysical Union from Gao et al. [2012c]. 
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maximum ΔR2, which is 0.175 for ΣP of 20 S. Although not shown, ΔR2(0) = 0. As ΣP 

approaches ∞, Δ R2 represents the change of R2 by switching from EK-L to EK-LΣA, which is 

shown with the red line. As can be seen from Figure 2.6, ΔR2 varies over a fairly large range for 

ΣP ∈ [0, ∞). However, in reality, ΣP varies over a small range compared to [0, ∞). Thus, in the 

following analysis, I concentrate on a subset of [0, ∞) containing only reasonable values of ΣP.  

 

Figure 2.8 As for Figure 2.4 for ΣP = 5 S (top) and 15 S (bottom). The change of R2 (equation 

(2.29)) for ΣP = 5 S is summarized as: minimum, –0.04; 1st quartile, 0.00; median, 0.02; 3rd 

quartile, 0.05; maximum, 0.19. For ΣP = 15 S, the change of R2 is summarized as: 

minimum, -0.10; 1st quartile, –0.02; median, 0.02; 3rd quartile, 0.06; maximum, 0.33. In both 

panels, cases are in the same order as that of Figure 2.4. Reproduced by permission of American 

Geophysical Union from Gao et al. [2012c]. 
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In order to estimate the range of interest, I use the formula of Robinson and Vondrak 

[1984] which expresses the Pedersen conductance caused by solar illumination as  

 ΣP = C0 (F10.7)1/2, (2.33) 

where F10.7 represents the strength of 10.7cm solar radio flux at Earth and, as recommended by 

Ober et al. [2003],  

 C0 = 0.77. (2.34) 

The resulting time series of ΣP with 1-day resolution from 1 January 1997 to 31 December 2009 

is shown in Figure 2.7 (a). The corresponding histogram is displayed in Figure 2.7 (b). From 

Figure 2.7, all of the values lay between 5 S and 15 S, i.e. ΣP ∈ [5 S, 15 S]. By assuming ΣP = 5 S 

 

Figure 2.9 Scatter plot matrix between the measured PCN index, EK-L, EK-R, and the AL index on 

20 November 2003. The PCN index is the ordinate of all the plots in 1st row and the abscissa of 

all the plots in 1st column, etc. Reproduced by permission of American Geophysical Union from 

Gao et al. [2012c]. 
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and 15 S, the changes of R2 by switching from EK-L to EK-R as solar wind driver are shown in 

Figure 2.8 top and bottom respectively. The cases are arranged in the same order as that of 

Figure 2.4. Compared with Figure 2.4, one can see that if R2 increases by switching from EK-L to 

EK-R for ΣP = 10 S, then it is likely that R2 increases for ΣP ∈ [5 S, 15 S], although the change of 

ΔR2 is usually larger for large ΣP. Thus, EK-R seems to serve as a potentially better indicator of 

the solar wind influence on the ionospheric processes than EK-L, and results are plausible for a 

reasonable range of realistic values of ΣP. Furthermore, as suggested by Kivelson and Ridley 

[2008], I take 10 S as a reasonable estimation of ΣP in this thesis as the predictions appear to be 

little affected by the specific value used in the analysis.  

 

Figure 2.10 The driven component of AL for the 53 cases estimated through the R2 of regression 

between AL and EK-R, i.e. R2 of equation (2.38), in R2 ascending order. The summary statistics 

are: minimum, 0.00; 1st quartile, 0.24; median, 0.37; 3rd quartile, 0.50; maximum, 0.63. The 

mean is 0.35. The red dashed lines are 1st quartile, median and 3rd quartile from bottom to top. 

Reproduced by permission of American Geophysical Union from Gao et al. [2012c]. 
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2.2.3 Internal driving of the polar cap dynamics 

The PCN index is a measure of the magnetic field perturbation at Qaanaaq caused by ionospheric 

plasma flows [Troshichev et al., 1988], and plasma flows can be initialized by external driving, 

e.g. low-latitude magnetopause reconnection or viscous interactions between the solar wind and 

magnetosphere at the low-latitude boundary layer [e.g., Axford, 1964], and internal driving, e.g. 

magnetotail energy release, such as substorms. Here, I pay primary attention to dayside 

reconnection and substorm activity, while treating other sources as unexplained errors. 

According to the principle of superposition, I linearly combine these sources and get 

 δB = δBD + δBU + δBO, (2.35) 

Figure 2.11. The same day as that plotted in Figure 2.2 (20 November 2003) (a) without 

dependence on the ALU index, (b) with dependence on the ALU index. The blue lines are the 

measured PCN index and the green lines are the predicted PCN index. Additional time shift has 

been added to the propagated solar wind data to achieve the highest correlation between the PCN 

index and EK-R. Reproduced by permission of American Geophysical Union from Gao et al. [2012c]. 
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where δBD is the magnetic field perturbation at Qaanaaq directly driven by dayside reconnection, 

δBU is the magnetic field perturbation at Qaanaaq arising from the energy unloading in the 

magnetotail, and δBO represents the other contributions to the magnetic field perturbations at 

Qaanaaq. Here, δBO is attributed to unexplained error. So the equation is reduced to  

 δB ≈ δBD + δBU . (2.36) 

While this greatly simplifies the analysis, it leaves opportunities for improvement in future 

studies that can consider other sources that can be precisely identified and reasonably modeled. I 

use EK-R to represent the driving of the solar wind. Thus, as a first order approximation, a linear 

dependence between δBD and EK-R is assumed, i.e.,  

 δBD ∝ EK-R. (2.37) 

Following McPherron and Baker [1993], I use the AL index to represent the contribution 

of nightside energy release. Figure 2.9 shows scatter plots among the PCN index, EK-L, EK-R and 

Figure 2.12. As in Figure 2.11 for a different event on 8 November 1998 (also in Figure 2.3). 

Reproduced by permission of American Geophysical Union from Gao et al. [2012c]. 
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the AL index on 20 November 2003 in a matrix form. For example, the 1st row 2nd column is a 

scatter plot of EK-L and the PCN index. The better correlation between the PCN index and EK-R 

than between the PCN index and EK-L is evident in row 1 that shows smaller scatter in column 3 

than in column 2. This is further confirmed by the better consistency between the original and 

the flipped scatter plots, i.e. the PCN index versus EK-R, (row 1, column 3) and EK-R versus the 

PCN index (row 3, column 1) than the pair between the PCN index and EK-L. Similarly, a better 

correlation between EK-R and AL than between EK-L and AL can be found by comparing row 4 

columns 3 and 2. A good correlation between the PCN index and AL (row 4 column 1) is 

consistent with the choice of AL index as an independent variable when predicting the PCN 

index from nightside processes. 

As the intention is to identify the effects of activity initiated on the nightside of the 

magnetosphere, it is desirable to remove the portion of AL that responds directly to the solar 

Figure 2.13. As in Figure 2.11 for a different event on 22 September 1999. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012c]. 
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wind input. For this reason, I introduce an unloading AL index, ALU, defined as follows. I run a 

regression analysis with AL as the dependent variable and EK-R as the independent variable for 

the events to obtain the directly driven portion of AL, which I define as  

 ALD = α0 + α1EK-R, (2.38) 

where α0 and α1 are regression coefficients. The driven portion of AL is estimated through the R2 

of equation (2.38) and is shown in Figure 2.10. On average ALD contributes 35% of AL for the 

53 cases. Then I subtract ALD from AL to get ALU, a quantity that is dominated by magnetotail 

activity [Akasofu, 1979a; McPherron and Baker, 1993]. Here   

 ALU = AL – ALD, (2.39) 

and, similar to EK-R, a first order approximation is assumed, i.e., 

 δBU ∝ ALU. (2.40) 

Figure 2.14. As in Figure 2.11 for a different event on 7 January 2005. Reproduced by permission 

of American Geophysical Union from Gao et al. [2012c]. 
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A linear regression model that includes both the influence of direct solar wind driving and the 

influence of nightside energy release on the PCN index can be expressed in terms of the z-score 

of the two variables in the form  

 PCN = β0 + β1zs(EK-R) + β2 zs(ALU) + ε, (2.41) 

where β0, β1 and β2 are regression coefficients, and ε is assumed to be Gaussian noise. Note that, 

in equation (2.41), I use only the portion of the AL index that remains after the effects of EK-R are 

removed. 

Usually, regression is used to investigate the association of the independent variables and 

the dependent variable. In the framework of a magnetospheric convection model, the 

associations between EK-R and the PCN index and between ALU and the PCN index imply 

causation (EK-R drives ionospheric flows that partially control the PCN index and ALU drives 

flows that partially control the PCN index). For the purpose of establishing the relative 

importance of the two controlling factors, it is essential to make EK-R and ALU dimensionless by 

replacing them with their corresponding z-scores (equation (2.26)) as I have done. Figure 2.11 

shows the effect of the AL index on the prediction of the PCN index for the day plotted in Figure 

2.2 (20 November 2003). Figure 2.11 (a) compares the measured PCN index with the predicted 

PCN index using EK-R to represent the contributions directly driven by the solar wind. In Figure 

2.11 (b), I use the formulation of equation (2.41) including both EK-R and ALU as independent 

variables and find that it improves the consistency between observation and regression, 

especially at high levels of geomagnetic activity. The addition of a dependence on ALU increases 

R2 from 0.75 to 0.83 and reduces the error variance from 2.90 to 2.02. Figure 2.12, Figure 2.13 

and Figure 2.14 apply the same type of analysis to another three cases on 8 November 1998, 22 

September 1999 and 7 January 2005. In all cases, it is apparent from the plots that by including a 
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dependence on ALU, the predictions are improved, especially for PCN > 5. In the additional three 

cases illustrated, the R2 increases (0.74 to 0.84, 0.71 to 0.84, and 0.74 to 0.90) and the error 

variance decreases (2.27 to 1.44, 0.98 to 0.55, and 0.79 to 0.32) significantly when ALU is added 

as an independent variable. 

Although nightside processes contribute to the PCN index, effects directly driven by 

dayside reconnection are more important. Since both EK-R and ALU are normalized by 

representing them in terms of their z-scores, a direct comparison of the regression coefficients 

can reveal their relative contributions to the PCN index. Figure 2.15 (a) shows a scatter plot 

between the regression coefficients of EK-R and ALU for the events with R2 ≥ 0.5. The points 

Figure 2.15. (a) Scatter plot of regression coefficient of ALU versus regression coefficient of EK-R 

for the events with R2 ≥ 0.5. The points are both sized and colored according to their R2 values. 

The blue line through the origin is an orthogonal least-square fit to the points. (b) As in Figure 

2.15 (a) except that an extra 10 minutes time delay is added to EK-R when computing ALU by 

using equation (2.38). Reproduced by permission of American Geophysical Union from Gao et al. 

[2012c]. 
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have been sized and colored according to their R2 values. If the two input parameters contributed 

equally to the fit, the points would lie close to the line y = x. An orthogonal least squares fit 

through the origin whose slope reveals the relative magnitudes of β1 and β2, i.e. |β2 / β1|, gives  

 y = 0.47x, (2.42) 

indicating that, on average,  

 |β1| ≈ 2 |β2|. (2.43) 

In other words, the directly driven dayside contribution dominates the PCN index by roughly 2:1. 

This ratio has been confirmed by applying the same analysis to the PCS index. 

 

Figure 2.16. Variations of (a) β0, (b) β1, (c) β2, and (d) |β1 / β2| with δΔT for the case of 20 

November 2003. The red dashed lines label δΔT = 0 and 10 minutes in each panel. Reproduced 

by permission of American Geophysical Union from Gao et al. [2012c]. 
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As stated in section 2.3.1, in equation (2.41), EK-R is calculated by using the propagated 

solar wind data with extra time shifts to achieve maximum correlation between EK-R and the PCN 

index. In addition, I use the same EK-R in equation (2.38) to derive ALU. In principle, time delays 

between AL and EK-R should also be taken into account. Bargatze et al. [1985] studied the 

temporal relationship between the solar wind and magnetospheric activity by constructing a 

linear prediction filter between vBs [Burton et al., 1975] and the AL index, where v is the solar 

wind bulk velocity and Bs is related to IMF BZ through  

 Bs = –BZ for BZ < 0, and Bs = 0 for BZ ≥ 0. (2.44) 

Using IMP 8 solar wind data propagated to XGSM = 15RE, they found that the filters were 

composed of two response pulses peaking at time lags 20 and 60 minutes, and interpreted the 20 

minutes pulse as magnetospheric activity directly driven by the solar wind and the 60 minutes 

pulse as the response of magnetospheric activity to energy unloading in the magnetotail. 

Following the analysis of Bargatze et al. [1985], in order to remove the directly driven 

component from the AL index, a time delay close to 20 minutes needs to be added to the 

propagated solar wind data. Recall that, for each case, I add a time lag, typically 12 minutes, to 

the solar wind data to achieve the highest correlation between the PCN index and EK-R. Thus, an 

additional time delay close to 8 minutes should be added to EK-R in equation (2.38). However, 

with this additional time delay, denoted as δΔT, the results are close to those without it. For 

example, Figure 2.16 shows the variations of regression coefficients β0, β1, and β2 for the case of 

20 November 2003 with δΔT varying from –5 to 20 minutes. From Figure 2.16, β0 and β1 are 

close to constant for different values of δΔT. β2 changes from –0.93 to –0.99 when δΔT varies 

from 0 to 10 minutes, and to -1.12 when δΔT is 20 minutes. Consequently, the values of the ratio 

|β1/β2| are 3.16, 2.96, and 2.54 for δΔT being 0, 10 and 20 minutes respectively. Thus, although 
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β0, β1 and β2 vary with δΔT, they change little when δΔT is close to 10 minutes. In Figure 2.15 

(b), I show a scatter plot between β1 and β2 with an additional time delay of 10 minutes added to 

EK-R when computing ALU. It is clear that the sizes and colors of the points in Figure 2.15 (b) are 

similar to those in Figure 2.15 (a), which indicates that the change of R2 values are small. In fact, 

if I define the changes of R2 as  

 δR2 = R2 with additional 10 minutes delay – R2 without delay, (2.45) 

then, for the data set, δR2 is summarized as: minimum, –0.07; 1st quartile, –0.03; median, –0.02; 

3rd quartile, –0.06; maximum, 0.04. Thus, by adding additional 10 minutes delay to EK-R to 

compute ALU, the consistency between the measured PCN index and that predicted from 

Figure 2.17. (a) A time series plot of the solar wind dynamic pressure pdyn (blue) and the 

difference of the measured PCN index and the predicted PCN index, i.e. ε in equation (2.41) 

(PCNresidual in figure), (green) on 22 September 1999 (also in Figure 2.13). (b) Scatter plot 

between ε and pdyn. The blue crosses indicate the medians in each 2.5 nPa bins. The error bars 

indicate the errors of the medians. The red line is a running mean of the scatter plot. The 

correlation coefficient between pdyn and the residual PCN index for this case is 0.10. Reproduced 

by permission of American Geophysical Union from Gao et al. [2012c]. 
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equation (2.41) becomes, on average, slightly worse by 0.02 in terms of R2. Furthermore, the 

slope of the fitted line (0.51) is close to that obtained when no extra time delay is added to EK-R 

in equation (2.38) (0.47). Thus, the dayside contribution to the PCN index still outweighs the 

nightside contribution by roughly a factor of 2. In other words, with a time delay close to 10 

minutes added to EK-R in deriving ALU, the conclusion remains the same. Although the exact 

timing between AL and EK-R is very important for understanding the details of magnetospheric 

convection, the conclusions from the analysis are not sensitive to this parameter. Thus, in the 

analysis that follows, I do not introduce an additional time delay in correlating EK-R with AL. 

However, this important issue should be addressed in future studies. 

2.2.4 Solar wind dynamic pressure driving of the polar cap dynamics 

It has been argued that the PC index responds linearly to a solar wind dynamic pressure pulse, 

since the change of pdyn alters the magnetopause currents which couple with the ionospheric 

currents through the Region-1 field-aligned currents and thus change the PC index [Stauning and 

Troshichev, 2008]. This conclusion has been reached from both case studies [Lukianova, 2003] 

and statistical analysis [Troshichev et al., 2007; Stauning and Troshichev, 2008]. Stauning et al. 

[2008] studied the dynamic pressure effect for more typical solar wind conditions and found that 

the PC index responded little to the stationary solar wind dynamic pressure. Huang [2005] 

argued that, on average, pdyn is a less important contributor to the PC index than the solar wind 

electric field and substorm activity.  

Here, I use a model selection approach to test the influence of solar wind dynamic 

pressure on the PCN index with the 53 cases. All the cases are with subintervals during which 
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pdyn changed drastically (e.g. Figure 2.17 (a)). I propose four models as potential candidates to 

relate the PCN index to solar wind parameters and geomagnetic activity,  

model (1): PCN = β0 + β1EK-R  + ε1; 

model (2): PCN = β0 + β1EK-R + β2pdyn + ε2; 

model (3): PCN = β0 + β1EK-R + β2ALU + ε3; 

model (4): PCN = β0 + β1EK-R + β2pdyn + β3ALU
* + ε4. 

 

Figure 2.18. R2 calculated for model (1), (2), (3) and (4). The construction of the plot is described 

in the text. White bars indicate the values of R2 for model (1). The visible portions of the black 

bars are the changes of R2 resulting from switching from model (1) to model (2). The portions of 

the yellow and red bars that are visible in the plot show the changes of R2 obtained by switching 

from model (2) to model (3) and from model (3) to model (4) respectively. The cases are 

arranged in such an order that R2 of model (4) increases from left to right. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012c]. 
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In model (3), ALU is calculated from equations (2.38) and (2.39), while in model (4) ALU
* is 

calculated from AL after removing the part that is linearly dependent on both EK-R and pdyn, i.e., 

 ALD
* = α0 + α1EK-R + α2pdyn. (2.46) 

Figure 2.18 shows the changes of R2 when progressing from model (1) to model (4). The figure 

is created from a bar plot in which I plot R2 of model (4) in red, thereafter superposing bars of 

model (3) in yellow, model (2) in black, and model (1) in white. In Figure 2.18, the white bars 

 

Figure 2.19. The event of 28 April 2001. Plotted are (1) the PCN index; (2) EK-R; (3) the AL 

index; (4) the solar wind dynamic pressure, pdyn. At around 05:30 UT, pdyn jumped from 2 nPa to 

14 nPa. Almost at the same time, the PCN index increased from 2.05 to 13.76. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012c]. 
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give the R2 of model (1) for all the 53 cases. The tops of the black bars that are visible above the 

white bars are the changes of R2 resulting from switching from model (1) to model (2). Similarly, 

the parts of the yellow bars that can be seen above the black bars are the additional changes of R2 

resulting from use of model (3) while the parts of the red bars that appear above the yellow bars 

are the additional changes from use of model (4). The cases are arranged in such an order that R2 

of model (4) increases from left to right. Referring to the visible portions of the different bars, 

the white bars are the longest, indicating that EK-R is the most important factor controlling the 

PCN index. The second longest are the yellow bars, suggesting that ALU is also a very important 

factor. The black bars and the red bars represent the effect of pdyn on the PCN index and are 

generally much shorter than the white bars and yellow bars, suggesting that pdyn contributes little 

to the control of the PCN index other than through the density variations already accounted for 

through EK-R and that it is far less important than EK-R and ALU. Thus, I prefer model (3).  

The statistical study of dynamic pressure control of the PCN index shown above can be 

supplemented by examination of the role of pdyn on a case by case basis. An example on 22 

September 1999 is shown in Figure 2.17. In Figure 2.17 (a), the time series of solar wind 

dynamic pressure and the residual PCN index, i.e. ε in equation (2.41), are plotted versus time. In 

this case, in which the effect of changing density has been taken into account through its effect 

on EK-R, there were two jumps of pdyn. At about 13:00 UT, pdyn jumped from 5 nPa to 25 nPa. At 

around 20:00 UT, pdyn increased from less than 10 nPa to over 30 nPa. The residual PCN index 

did not respond to the changes of the solar wind dynamic pressure. Figure 2.17 (b) shows a 

scatter plot between pdyn and the residual PCN index. The correlation coefficient is only 0.10, 

and no pattern is identified.  



51 
 

The data set does include one case in which the PCN index increases concurrently with a 

jump in pdyn but the model fails to predict the jump. I argue that in this particular case the jump 

in the PCN index arises because of an unusual excursion of the auroral oval. The event is shown 

in Figure 2.19. On 28 April 2001, when pdyn jumped from 0.92 nPa to 13.08 nPa at 05:17 UT, the 

PCN index increased from 2.05 to 13.76 in the following 20 minutes. The model fails to predict 

the jump of the PCN index (Figure 2.20 (a)). In seeking an explanation of the model’s failure, I 

emphasize first that the PCN index is intended to measure magnetic perturbations on polar cap 

flux tubes open to the solar wind. A detailed analysis of the aurora using FUV electron data from 

the Wide-band Imaging Camera (WIC) on the IMAGE satellite [Mende et al., 2000] shows that 

Figure 2.20. The event of 28 April 2001. (a) The measured PCN index (blue) and the predicted 

PCN index (green); (b) The FUV electron auroral oval from WIC/IMAGE at the time 05:41:34 

UT on 28 April 2001. The vertical white line indicates the noon-midnight meridian, while the 

horizontal white line is the dawn-dusk meridian. The white concentric circles, centered at the 

magnetic north pole, are magnetic latitudes separated by 10o. The white crosses locate the AE 

stations. The diamond near the center shows the location of Qaanaaq. Reproduced by permission 

of American Geophysical Union from Gao et al. [2012c]. 
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during the time interval from 05:20 UT to 05:40 UT, the auroral oval expanded unusually far 

poleward to Qaanaaq shown in Figure 2.20 (b), the auroral electrojet moved to unusually high 

latitudes and it seems that the PCN index recorded perturbations arising from the auroral 

electrojet. Because of the extreme excursion of the auroral oval, the Qaanaaq station was no 

longer a polar cap station measuring dominantly the magnetic perturbations on open field lines. 

Thus, the jump of the PCN index was dominated by local perturbations that overwhelmed any 

signal directly imposed from the solar wind. I, therefore, attribute the anomalous coincidence 

between pdyn and the PCN index to the unusual excursion of the aurora during this particular 

event and argue that it does not imply control of the PCN index by pdyn.  

 

Figure 2.21. Sample distribution of R2 with EK-R and ALU as independent variables and the PCN 

index as dependent variable (equation (2.41)) with summary statistics (mean, 0.62; standard 

deviation, 0.17; minimum, 0.19; 1st quartile, 0.54; median, 0.63; 3rd quartile, 0.74; maximum, 

0.90). Reproduced by permission of American Geophysical Union from Gao et al. [2012c]. 
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No clear signature of direct driving of the PCN index by pdyn has been found. I have also 

tested dpdyn/dt, calculated from differences of consecutive measurements with 1-minute 

resolution, as an independent variable, but still found no evidence of dynamic pressure control of 

the PCN index. The fact that correlation between the PCN index and pdyn has been found in 

previous studies [e.g. Troshichev et al., 2007] can be understood by the following argument. 

Both EK-R and pdyn depend on the solar wind number density (n), i.e.,  

 ΣA ∝ n1/2 and pdyn ∝ n, (2.47) 

and changes of n result in changes in the PCN index but this effect has been accounted for by the 

Alfvén conductance incorporated in EK-R. 

2.2.5 Caveats 

Figure 2.21 shows the sample distribution of R2 for EK-R and ALU as independent variables and 

the PCN index as dependent variable. Among the cases, I find general consistency between the 

measured PCN index and the predicted PCN index obtained from the regression analysis with R2 

typically greater than 0.5, but caveats remain. There are various factors that may cause the model 

to fail to work such as: (1) The PCN index may take on a negative value, but the mechanisms 

linked to the input parameters that I consider should not produce a negative value of the index. It 

has been widely accepted that a negative PCN index is caused by locally sunward ionospheric 

plasma flow resulting from high-latitude magnetopause reconnection [Nagatsuma, 2002b]. In the 

analysis, I consider indices expected to drive large scale anti-sunward convection at high 

latitudes. Therefore, when there is an interval with negative PCN indices, the value predicted by 

regression analysis will miss it. For example, in Figure 2.20 (a), the PCN index becomes 

negative from 15:00 UT to 19:00 UT on 28 April 2001. If I had omitted the data from this time 

interval, the consistency would have improved. (2) The ionospheric Pedersen conductance ΣP is 
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crucial to the calculation of EK-R. However, ΣP can only be roughly estimated. Here, I use a crude 

value of 10 S. Although I find that the conclusion holds when using the values 5 S and 15 S for 

ΣP, in a more complete study, it would be worthwhile to improve the estimate of the ionospheric 

conductance. (3) I use the propagated solar wind data. The propagation technique is crucial to the 

solar wind data quality. During a time interval when the propagation fails to work, any prediction 

is likely to fail. (4) If the auroral oval expands far poleward to Qaanaaq, the station used may 

approach the boundary of the polar cap (e.g. Figure 2.20 (b)) or even cross it. During such 

intervals, the electrojet may move far from stations used to evaluate the AL index, and the AL 

index may no longer be a good indicator of the nightside processes. In addition, the PCN index 

will be compromised as a measure of magnetic field perturbations on open field lines. Thus such 

intervals must be removed from any data set used to interpret the processes nominally measured 

by the PCN index and by the AL index. Unfortunately, owing to limited observations of the 

aurora, I am able to test only 1 case in which a significant disagreement with the model could be 

seen to arise because of an anomalous excursion of the auroral electrojet.  

2.3 Discussion and conclusions 

In this chapter, I investigate the polar cap dynamics influenced by solar wind input and 

geomagnetic activity by studying the relationship between the PCN index and solar wind 

parameters and geomagnetic indices. First, I select one to two-day intervals within which cross 

polar cap potential predicted from the PCN index by using equation (2.8) exceeds 150 kV. I 

identify 53 cases from 1998 to 2006 for further study. Then I examine the correlation between 

the PCN index and various solar wind-magnetosphere coupling functions. I find that EK-R, a form 

representative of the electric field imposed on the ionosphere by low-latitude magnetopause 
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reconnection that takes saturation into account, serves as a potentially better indicator of the 

dayside contribution to the polar cap than any previously proposed coupling function between 

the solar wind and magnetosphere including EK-L during intervals of high geomagnetic activity. 

An important parameter in determining EK-R is the ionospheric Pedersen conductance which can 

only be poorly estimated. I fix ΣP at 10 S. To test the sensitivity of the conclusion to different 

values of ΣP, I perform the same analysis when ΣP varies within a reasonable range from 5 S to 

15 S. I find that, for a given case, if the PCN index correlates with EK-R better than with EK-L for 

ΣP = 10 S, then the same conclusion is achieved for ΣP ∈ [5 S, 15 S], although the improvements, 

measured by the increase of R2, by switching from EK-L to EK-R is usually larger when ΣP takes 

on a larger value.  

Taking ALU (equation (2.39)) as an indicator of the effects of nightside geomagnetic 

activity not directly driven by the solar wind electric field, I demonstrate that the PCN index is 

responsive to that source as well as the solar wind source. The consistency of the measured PCN 

index and the PCN index predicted from the regression analysis is found to be improved 

significantly by introducing contributions from ALU, the part of AL not directly driven. I find 

that the directly driven part of AL, i.e. ALD, can explain, on average, 35% of the variation of the 

AL index, leaving the rest, 65%, controlled by magnetotail activity. Although generally the 

contribution to the PCN index from ALU is less important than the contribution from EK-R in the 

sense that the regression coefficient of ALU is smaller than that of EK-R by a factor of two, they 

are comparable in magnitude.  

I also explore the relationship between the PCN index and the solar wind dynamic 

pressure. I do not find a clear signature of a direct response of the PCN index to pdyn or jumps in 
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pdyn, if the effect of changing density is modeled by EK-R. One case shows a coincidence between 

jumps of the PCN index and pdyn, but I argue that during this interval the station used for 

determination of the PCN index was not located well within the polar cap because the auroral 

oval expanded exceptionally far poleward.  

Eventually, I arrive at the model relating the PCN index to solar wind driving (EK-R) and 

magnetotail energy unloading (ALU), i.e. equation (2.41), which is rewritten here for emphasis,  

 PCN = β0 + β1zs(EK-R) + β2zs(ALU) + ε. (2.48) 

Since the PCN index is measured from only one station for each hemisphere, it cannot give 

information on the entire polar cap. Nevertheless, the generality of the PCN index is justified by 

its high correlation to other ionospheric quantities, e.g. cross polar cap potential, Joule heating 

rate, etc. Thus, similar conclusions are expected if the polar cap dynamics are measured more 

globally.  
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CHAPTER 3  

Linearity between PCN, EK-R, and ALU 

3.1 Introduction 

In Chapter 2, I constructed a linear model to relate polar cap dynamics, quantified by the PCN 

index, to its solar wind driver (EK-R) and magnetotail driver (ALU), i.e.,  

 PCN ≈ β0 + β1zs(EK-R) + β2zs(ALU). (3.1) 

In this chapter, I investigate whether the linear assumption is valid by comparing the results of 

the linear model to those of a more general, non-linear model to describe the relationship 

between the PCN index and EK-R, ALU. The approach is based on using a non-linear relation 

called the additive model, which assumes that  

 PCN ≈ α + f1(EK-R) + f2(ALU), (3.2) 

where f1(⋅) and f2(⋅) are arbitrary smooth functions. I ask whether a non-linear form of the 

relationship among the quantities of interest is substantially more successful in predicting the 

PCN index than the linear model. The objective is to determine the potential optimum predictor 

of the effect of solar wind parameters on polar cap dynamics, as represented by the PCN index.  

The additive (non-linear) analysis is applied to the events used in Chapter 2, and I 

compare the results with those obtained by the linear regression analysis. I find that (1) the 
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additive model outperforms the linear model in all cases; (2) the improvements by switching 

from the linear model to the additive model are relatively small, which confirms the validity of 

the linear assumption; (3) the predicted PCN index values from the additive model are very 

similar to those obtained from the linear model; (4) the results from both models are adequate.  

3.2 Analysis  

The goal is to model the dependence of the PCN index on a set of potentially important 

predictors for at least three reasons. The first is to describe the dependence of the PCN index on 

the predictors. The second is to access the relative contributions of the predictors in controlling 

the PCN index. The third is to predict the PCN index to, say, identify unusual activity. In 

Chapter 2, I identified two important predictors: the electric field of Kivelson and Ridley [2008] 

(EK-R), taken as representative of the polar cap electric field imposed by low-latitude 

magnetopause reconnection, a form in which saturation is taken into account; and the unloading 

AL index (ALU).  The standard tool used is the multiple linear regression model given in 

equation (3.1). In equation (3.1), the solar wind data are propagated to XGSM = 17 RE by using the 

technique of Weimer et al. [2008] and Weimer [2004]. For each individual event, an extra time 

shift (ΔT) is added to the solar wind data to achieve the highest cross-correlation between EK-R 

and the PCN index.  

The linear model, equation (3.1), makes a strong assumption about the dependence of the 

PCN index on EK-R and ALU, namely that the dependence is linear in each of the predictors. If 

this assumption holds, even roughly, then the linear regression model is useful and convenient, 

because it provides a simple description of the data, summarizes the relative contribution of each 

predictor with a single coefficient, and provides a simple method for predicting new observations.  
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Nevertheless, when fitting a linear regression model, no assertion is made that the model is 

correct. Rather it is widely accepted that the model is a good first order approximation to the true 

solution, and that the important predictors can be uncovered. It is, however, legitimate to 

question the validity of the linear assumption. One way to test the validity is to employ a more 

general, non-linear model to perform the analysis and compare the results with those obtained 

from the linear analysis.  

3.2.1 Additive model 

An important feature of the linear regression model (e.g. equation (3.1)) is the additive nature 

among the predictors. Once I fit the linear model I can examine the predictor effects separately in 

the absence of interactions. There are many ways to generalize a linear regression model. Of 

these, the additive model [Hastie and Tibshirani, 1990; Stone, 1985] is particularly appealing as 

it retains this important feature of the linear model: it is additive in the predictor effects. 

Therefore, for the test of non-linearity, I use the additive model, which is  

 PCN = α + f1(EK-R) + f2(ALU) + εA,  (3.3) 

where α is the intercept, f1(EK-R) and f2(ALU) are arbitrary univariate (depending on only one 

variable) smooth functions of EK-R and ALU respectively and εA is assumed to be Gaussian noise. 

If f1(EK-R) and α are redefined as  

 f1
*(EK-R) = f1(EK-R) + c, and α* = α – c, (3.4) 

where c is an constant, equation (3.3) remains unchanged. Thus, to uniquely determine the values 

of f1(EK-R) and f2(ALU), two constraints are imposed on equation (3.3) [Hastie and Tibshirani, 

1986; 1990; Stone, 1985], i.e., 

 E(f1(EK-R)) = 0, and E(f2(ALU)) = 0, (3.5) 

where E(X) stands for the expectation of X which is estimated from the sample mean.   
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3.2.2 Backfitting algorithm 

The additive model is fitted by the “backfitting algorithm” [Hastie and Tibshirani, 1990]. Notice 

that the conditional expectations of equation (3.3) require that  

 f1(EK-R) = E(f1(EK-R) | EK-R) = E(PCN – α – f2(ALU) | EK-R), (3.6) 

 f2(ALU) = E(f2(ALU) | ALU) = E(PCN – α – f1(EK-R) | ALU), (3.7) 

where E(Y|X=x) represents the expectation of Y conditional on X = x. Define PCN – α – f2(ALU) 

and PCN – α – f1(EK-R) as the partial residuals of EK-R and ALU respectively, i.e., 

 pr(EK-R) = PCN – α – f2(ALU), (3.8) 

 pr(ALU) = PCN – α – f1(EK-R). (3.9) 

Starting with an initial guess, f2
(0)(ALU) which usually takes a linear form, the additive model can 

be fit by iteratively smoothing the partial residuals, i.e., 

 f1
(t + 1)(EK-R) = S(PCN – α – f2

(t)(ALU)), (3.10) 

 f2
(t + 1)(ALU) = S(PCN – α – f1

(t + 1)(EK-R)), (3.11) 

where t records the iteration step, i.e. t = 0, 1, ⋯, and S is a smoothing operator taken as LOESS 

[Cleveland, 1979]. Iterations are terminated when  

 f1
(t+1)(EK-R) ≈ f1

(t)(EK-R) and f2
(t+1)(ALU) ≈ f2

(t)(ALU). (3.12) 

Hastie and Tibshirani [1990] provide further details of the backfitting algorithm, e.g. derivation, 

convergence, rate of convergence, uniqueness of solutions.  

3.2.3 Locally weighted scatterplot smoothing  

An effective approach to extracting a non-linear representation of scattered data that relates to 

familiar methods such as least-square regression is referred to as the LOESS (LOcally wEighted 

Scatterplot Smoothing) method [Cleveland, 1979]. The method provides a rigorous approach to 
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obtain a fit to scattered data, or “smoothing” it, by joining the centroids of local straight line fits 

to portions of the data. In smoothing data values, for each point x0, k nearest points, denoted by 

N(x0), are identified. The distance of the furthest point in the set N(x0) from x0,  

 Δ(x0) = max xi ∈N(x0) | x0–xi |, (3.13) 

is computed. Weights wi are assigned to each point in N(x0), using the tri-cube weight function 

W(| x0–xi | / Δ(x0)), where  

 W(u) = [(1 – u3)3]+ (3.14) 

Here  

 [x]+ = x, if x > 0, otherwise [x]+ = 0. (3.15) 

The predicted value at x0 is fitted from the (local) weighted least-square fit confined to N(x0) 

using the weights computed above. The locally weighted scatterplot smoothing (LOESS) method 

can be used to obtain the partial residuals. Thus, the model becomes  

 PCN = α + lo(EK-R, k1) + lo(ALU, k2) + εA, (3.16) 

where lo stands for LOESS. Here k1 and k2, the numbers of nearest neighbors, determine the 

smoothness of the additive bases, lo(EK-R, k1) and lo(ALU, k2), respectively and εA is assumed to 

be Gaussian noise. Diverse choices of k1 and k2 are discussed in Hastie and Tibshirani [1990] in 

detail and will not be pursued here. A popular choice is to fix [Hastie and Tibshirani, 1990]  

 k1 = k2 = 0.5n (3.17) 

to guarantee enough smoothness, where n is the number of observations. This strategy is adopted 

in this study and k1, k2 will be omitted in later discussions. The computational details are 

summarized in the following backfitting algorithm.  

Algorithm 1 (The backfitting algorithm).  
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1. Initialize α, f1
(0)(EK-R), and f2

(0)(ALU) from the results of linear regression, i.e., α = β0, f1
(0)(EK-R) 

= β1zs(EK-R), and f2
(0)(ALU) = β2zs(ALU) 

2. For t = 0, 1, … ,: 

i. Compute f1
(t+1)(EK-R) = LOESS(PCN – α – f2

(t)(ALU), 0.5n); 

ii. Compute f2
(t+1)(ALU) = LOESS(PCN – α – f1

(t+1)(EK-R), 0.5n); 

iii. If || f1
(t+1)(EK-R) – f1

(t)(EK-R) || < δ and || f2
(t+1)(ALU) – f2

(t)(ALU) || < δ, stop; otherwise, 

repeat i and ii. Here ||x|| stands for the Euclidean norm of a vector x, and δ is a pre-

defined small number.  

 

Figure 3.1. Comparison between the measured PCN index (blue line) and the predicted PCN 

index from an additive model (red line) based on solar wind parameters for the storm of 20 

November 2003. RA
2, σA

2 are computed to estimate goodness of fit and AICA is used to estimate 

the model optimality. Reproduced by permission of American Geophysical Union from Gao et al. 

[2012a]. 
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In steps i and ii, the notation LOESS(x, k) is adopted in order to emphasize that smoothing of x is 

achieved by using the LOESS technique with k nearest neighbors. Ideally, lo(EK-R) and lo(ALU) 

in equation (3.16) are obtained from  

 lo(EK-R)= f1
(∞)(EK-R) and lo(ALU)=f2

(∞)(ALU). (3.18) 

For finite iterations, if the stopping criterion is satisfied after T steps, then  

 lo(EK-R) ≈ f1
(T)(EK-R) and lo(ALU) ≈ f2

(T)(ALU).   (3.19) 

 

Figure 3.2. Comparison between linear model (green line) and additive model (red line) for the 

case of 20 November 2003. The change of R2, error variance and AIC can be used to assess the 

performance of different models. Reproduced by permission of American Geophysical Union from 

Gao et al. [2012a]. 
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3.3 Inference 

An event on 20 November 2003, shown in Figure 3.1, can help us better understand the approach. 

In Figure 3.1, the blue line is the measured PCN index and the red line is the predicted PCN 

index based on the non-linear additive model. The consistency between measurements and 

predictions is apparent.  

In order to quantify the performances of the linear model and the additive model, three 

statistics, coefficient of determination (R2), error variance (σ2) and Akaike’s information criterion 

(AIC) [Akaike, 1974] are computed to estimate the goodness of fit and model optimality. A 

Figure 3.3. Relation of partial residuals pr(EK-R), pr(ALU) and linear bases zs(EK-R), zs(ALU) for 

the case on 20 November 2003. The scatters are between the partial residuals and their 

corresponding z-scores, i.e. pr(EK-R) versus zs(EK-R), and pr(ALU) versus zs(ALU). The red solid 

lines are the functional relation between lo(EK-R) and zs(EK-R) (left) and between lo(ALU) and 

zs(ALU) (right). The red dashed lines give the corresponding 95% pointwise confidence intervals. 

The green lines label zs(EK-R) = 0 and pr(EK-R) = 0 (left) and zs(ALU) = 0 and pr(ALU) = 0 (right). 

Reproduced by permission of American Geophysical Union from Gao et al. [2012a]. 
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detailed discussion on the definitions and properties of the above statistics in the framework of 

the additive model is given in the appendix.  

For the event of 20 November 2003, the PCN indices predicted by the additive model and 

by the linear model are shown in Figure 3.2. The additive model slightly outperforms the linear 

model with increased R2 (from 0.82 to 0.85), decreased error variance (from 2.13 to 1.72) and 

reduced AIC (from 5034 to 4740). The fitted values from the two models are extremely similar. 

Figure 3.3 compares the estimated partial residuals of the additive model with the linear bases. 

The black dots indicate the scatters between the partial residuals and the linear bases, i.e. pr(EK-R) 

versus zs(EK-R) and pr(ALU) versus zs(ALU). The red solid lines, calculated by smoothing the 

scatters, are lo(EK-R) and lo(ALU) as functions of zs(EK-R) and of zs(ALU), respectively. The red 

dashed lines are the corresponding estimated 95% pointwise confidence intervals. The green 

Figure 3.4. (a) Partial residual of EK-R versus its linear basis; (b) partial residual of EK-L versus its 

linear basis on 20 November 2003. The format is the same as Figure 3.3. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012a]. 
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lines partition the region with zs(EK-R) = 0 and pr(EK-R) = 0 (left) and zs(ALU) = 0 and pr(ALU) = 

0 (right). It is clear that lo(EK-R) roughly bears a linear relationship with zs(EK-R), but some 

nonlinearity between lo(ALU) and zs(ALU) develops for this event. Nevertheless, the part with 

significant deviation from linearity of ALU lies in the strong geomagnetic activity limit where 

there are few observations. Thus, if a linear relationship between lo(ALU) and zs(ALU) is 

assumed, no significant error is introduced, which is confirmed by the close correspondence 

between the fitted values from the linear model and those from the additive model (Figure 3.2). 

I also test the performance of EK-L as a regression basis in the additive model. Since no 

saturation mechanism is included in EK-L, prominent nonlinearity between lo(EK-L) and zs(EK-L) 

 

Figure 3.5. R2 for the linear model and the additive model. The yellow bars indicate the R2 values 

for the linear model (RL
2) and the red bars plotted beneath the yellow bars (but extending to 

higher values of R2) give the changes of R2 by switching from linear model to additive model 

(RA
2 – RL

2). Reproduced by permission of American Geophysical Union from Gao et al. [2012a]. 
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is expected under strong solar wind driving. For the case of 20 November 2003, this is confirmed 

in Figure 3.4. Figure 3.4 (a) displays the additive basis, lo(EK-R), as an approximately linear 

function of the linear basis, zs(EK-R), of EK-R. Nevertheless, in Figure 3.4 (b), lo(EK-L) levels off 

at large values of zs(EK-L). The non-linear relationship between lo(EK-L) and zs(EK-L) is clear.  

The same comparisons between the linear model and the additive model, using EK-R and 

ALU as predictors, have been applied to all the cases. The results are summarized in Figure 3.5 

and Figure 3.6, which show the change of R2 and change of AIC from the linear model to the 

 

Figure 3.6. Akaike’s information criterion (AIC) for the linear model and the additive model. The 

red bars are the AIC’s for additive analysis (AICA) for all the cases. The yellow bars (this time 

plotted below the red bars but extending above them) on top of the red bars indicate the increases 

of AIC from additive model to linear model (AICL – AICA). Reproduced by permission of 

American Geophysical Union from Gao et al. [2012a]. 
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additive model. For all the cases, the additive model systematically outperforms the linear model 

with increased R2 and decreased AIC. Nevertheless, the improvements are relatively small.  

A more direct approach is to compare the fitted values of the linear model with those of 

the additive model by calculating their correlation coefficients whose distribution is shown in 

Figure 3.7. The correlation coefficients concentrate near 1 with only one exception on 18 

February 1999. For this case, the prediction from the linear model fails with R2 = 0.25 as is 

shown in Figure 3.8. The non-linearity between the additive bases and linear bases for this case 

is clear as shown in Figure 3.9. It also corresponds to the largest increase of R2 from the linear 

model to the additive model in Figure 3.5. Moreover, significant difference between PCS and 

 

Figure 3.7. Histogram of correlation coefficients of fitted values to the linear model and the 

additive model. Reproduced by permission of American Geophysical Union from Gao et al. [2012a]. 
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PCN are found between 06:00 UT and 12:00 UT (not shown here). A detailed discussion of this 

case can be found in Gao [2012a].  

Furthermore, it is of great importance to compare the relative contributions to the PCN 

index from two predictors in the additive model and compare the result with that obtained from 

the linear model. Unlike the linear model for which the contribution of each predictor is 

summarized in a regression coefficient, the contribution of a predictor in an additive model, EK-R 

say, has to be calculated from its additive basis, i.e. lo(EK-R). The standard deviation of lo(EK-R) 

and that of lo(ALU) summarize the contributions to PCN from EK-R and ALU respectively, and 

thus, can be used to compare their relative importance in controlling the PCN index. Figure 3.10 

 

Figure 3.8. Comparison between measured PCN index (blue line) and predicted PCN index 

based on linear model (green line) on 18 February 1999. This is the only case during which the 

additive model gives inconsistent results with those obtained from the linear model. Reproduced 

by permission of American Geophysical Union from Gao et al. [2012a]. 
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shows a scatter plot of the standard deviations of lo(EK-R), denoted as |σlo(EK-R)|, and lo(ALU), 

similarly written as |σlo(ALU)|, for those cases with RA
2 ≥ 0.5. The points are both colored and 

scaled according to their RA
2 values. An orthogonal regression between |σlo(ALU)| and |σlo(EK-R)| 

forced to pass through origin is added as the blue line. The regression coefficient, 0.47, indicates 

that the contribution of EK-R to PCN is roughly twice as important as ALU in an additive model. 

This is consistent with the result of chapter 2 based on the linear assumption between the PCN 

index and EK-R, ALU.  

If the potential non-linearity between AL and EK-R is taken into account, an additive 

model can be used to derive the unloading AL, denoted as ALU,A here, i.e.  

 ALU,A  = AL – ALD,A, (3.20)  

where  

 ALD,A = α0 + lo(EK-R, 0.5n).  (3.21) 

Figure 3.9. As for Figure 3.3 for the event on 18 February 1999. Reproduced by permission of 

American Geophysical Union from Gao et al. [2012a]. 
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Accordingly, the additive model, equation (3.16), is updated to   

 PCN = α′ + lo(EK-R, 0.5n) + lo(ALU,A, 0.5n) + εA′. (3.22) 

I find that the results obtained by using equation (3.22) are quite similar to those obtained 

by using equation (3.16). Besides, it is more convenient to examine the differences between the 

additive model and the linear model, if the same variable, ALU, is used in the two models. For 

example, in Figure 3.3 (b), I compare the additive basis, lo(ALU), directly with the linear basis, 

zs(ALU). However, if, instead, ALU,A is used, then I am only able to compare lo(ALU,A) with 

zs(ALU,A), which is not used in the linear model. Therefore, I report the results obtained by using 

equation (3.16).  

 

Figure 3.10. Scatter plot of standard deviations of lo(ALU) versus that of lo(EK-R) for those cases 

with RA
2 ≥ 0.5. The points are both colored and scaled according to the corresponding RA

2. An 

orthogonal regression between |σlo(ALU)| and |σlo(EK-R)| in blue line was forced to pass through 

origin. Reproduced by permission of American Geophysical Union from Gao et al. [2012a]. 
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3.4 Discussion and conclusions 

In this Chapter, I study the response of polar cap dynamics as characterized by the PCN index to 

solar wind parameters and geomagnetic activity under strong solar wind driving by extending the 

linear regression analysis between the PCN index and EK-R, ALU to a more general, non-linear 

model, i.e. an additive model (equation (3.16)). Here, EK-R is used as a representative of the 

electric field imposed on the ionosphere by low-latitude magnetopause reconnection, modified to 

account for saturation. I compare the results with those obtained from the linear model by using 

the same cases as that used in Chapter 1. I find that although, in general, the additive model 

outperforms the linear model with increased R2 and decreased AIC, the improvements obtained 

by switching from a linear model to an additive model are small. Thus, the validity of the linear 

assumption is confirmed. The fitted values from the two models are extremely similar to each 

other, with the distribution of the correlation coefficient between the linear fits and the additive 

fits concentrating near 1 with one exception, an event on 18 February 1999. This is an anomalous 

case that is discussed fully in Gao [2012a]. With one exception, the results from the two models 

are quite similar. They both show that EK-R is approximately twice as important as ALU in 

controlling the PCN index. Although the additive model of the PCN index as a response to EK-R 

and ALU is more flexible in the sense that it does not require that the PCN index vary linearly 

with the independent quantities, the linear model already provides a very good approximation. 

Furthermore, the linear model gives a simpler description of the data by summarizing the 

contribution of each predictor in a regression coefficient and is easier to be extended to more 

advanced analysis, e.g. robust regression. The usage of a linear model in this problem is highly 

encouraged.  
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Appendix A 

In this appendix, I provide the definitions and properties of the statistics used in this chapter, i.e. 

prediction efficiency (R2), error variance (σ2) and Akaike’s information criterion (AIC). For ease 

of discussion, I define y as the vector of observations and ŷ+ as the vector of additive fits. It is 

important to notice that to fit an additive model is equivalent to generating a mapping from y to 

ŷ+, i.e., 

 ŷ+ = Ry, (3.23) 

where R is the mapping matrix. Then, R2, σ2 and AIC can be computed from y, ŷ+ and R.  

For an additive model, the coefficient of determination, i.e. RA
2, is defined as [Hastie and 

Tibshirani, 1990; Myers, 2000]  

  RA
2 = 1 – D(y; ŷ+) / D(y; y̅ 1). (3.24) 

In the above equation, D(y; ŷ+) is the deviance, calculated as  

 D(y; ŷ+) = || y – ŷ+ ||2, (3.25) 

where y – ŷ+ is the model residual vector, ||x|| indicates the Euclidean norm of vector x. D(y; y̅ 1), 

the null deviance, is defined as  

 D(y; y ̅ 1) = || y – y ̅ 1 ||2, (3.26) 

where y ̅ is the sample mean and 1 = (1, 1, ⋯, 1)T. RA
2, varying between 0 and 1, can be 

interpreted as the fraction of variations explained by the model. The error variance for an 

additive model is calculated as  

 σA
2 = D(y; ŷ+) / dferr. (3.27) 

Here dferr, the error degree of freedom, is computed from [Hastie and Tibshirani, 1990]  

 dferr = n – tr(2R – RRT), (3.28) 
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where n is the number of observations, R is the mapping matrix in equation (3.23) and tr(A) 

stands for the trace of matrix A. RL
2 and σL

2 for the linear model can be similarly defined by 

replacing ŷ+ with the least-square fits, ŷLS, of a linear model, i.e. 

 RL
2 = 1 – D(y; ŷLS) / D(y; y̅ 1), (3.29) 

and dferr with n – p, i.e.,  

 σL
2 = D(y; ŷLS) / (n – p). (3.30) 

where p is the number of parameters, e.g. p = 3 for equation (3.3) [Myers, 2000].  

Akaike’s information criterion (AIC), in general, is defined as [Akaike, 1974]  

 AIC = –2 ln L + 2 p, (3.31) 

where L is the maximized value of the likelihood function for the estimated model and p is still 

the number of parameters in a model. Given a set of candidate models for the data, the preferred 

model is the one with the minimum AIC value, since AIC not only rewards goodness of fit, but 

also includes a penalty that is an increasing function of the number of estimated parameters. In 

practice, a convenient form arises from writing ln(L) as [Burnham and Anderson, 2002]  

 ln(L) = C – (n / 2) ln(D(y; ŷ) / n) , (3.32) 

where y is the vector of observations, ŷ is the vector of fitted values, and C is a constant 

independent of the model used. Thus, AIC becomes  

 AICL = n ln (D(y; ŷLS) / n) + 2 p – 2C (3.33) 

for a linear model, or 

 AICA = n ln (D(y; ŷ+) / n) + 2 tr(R) – 2C (3.34) 

for an additive model. In the above equation, tr(R), an estimator of p, is the effective number of 

parameters of an additive model [Hastie and Tibshirani, 1990].  
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CHAPTER 4  

Long-Term Variations of Driven and Unloading 

Contributions to the PCN Index 

4.1 Introduction 

In Chapter 2, I found that the polar cap dynamics, represented by the PCN index, responds to 

both the solar wind direct driving and the magnetotail energy unloading. If the solar wind driving 

is quantified by EK-R, the electric field proposed by Kivelson and Ridley [2008], and the 

magnetotail energy unloading is described by ALU, the unloading AL index, then, in general, the 

PCN index can be well predicted from EK-R and ALU through  

 PCN = β0 + β1 zs(EK-R) + β2
 zs(ALU) + ε, (4.1) 

where β0, β1, and β2
 are constants estimated from regression between PCN and EK-R, ALU, zs 

stands for z-score, and ε is assumed to be Gaussian noise. The relative importance of EK-R and 

ALU in determining PCN is measured by the relative magnitudes of β1, β2. 

In this chapter, I investigate the driven and unloading contributions to the PCN index by 

extending the analysis in Chapter 2 to encompass solar cycle 23. In Section 4.2, I apply 

regression analysis day-by-day from 1 February 1998 to 31 December 2009. I find that (1) the 

relative contributions of driven and unloading components varies within solar cycle 23 with a 
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magnitude ±5%, with the driven-to-unloading ratio highest near solar minimum and lowest 

slightly after solar maximum; (2) the driven-to-unloading ratio peaks in summer and decreases in 

winter; and (3) the magnitude of the annual variation can be as large as ±15%. In Section 4.3, I 

summarize the results and discuss the physical mechanisms that can be responsible for the solar 

cycle variation and annual variation.  

4.2 Analysis 

In this chapter, I apply the regression analysis day by day from 1 February 1998 to 31 December 

2009. This includes most of solar cycle 23. Here, the contributions from EK-R and ALU relative to 

the variations of the PCN index are of interest. The model is equation (4.1). The consistency 

 

Figure 4.1. Distribution of R2 when applying equation (4.1) to cases between 1 February 1998 

and 31 December 2009. R2 = 0.5, shown as the red vertical line, has been used as a criterion to 

select events for further analysis. 2155 out of 3557 cases satisfy this criterion. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012b]. 
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between the measured PCN index and the predicted PCN index is quantified by R2 and error 

variance. 

The distribution of R2 for all the cases from 1 February 1998 to 31 December 2009 is 

shown in Figure 4.1, which can be summarized as: minimum, 0.01; 1st quartile, 0.42; median, 

0.55; 3rd quartile, 0.68; and maximum, 0.94. R2 ≥ 0.5 is used as a criterion to select cases for 

further analysis. 2155 out of 3557 cases are retained. (Owing to missing data, not every day 

returns a result.) Among those cases with R2 less than 0.5, some are influenced by unusual 

activity (Figure 2.20), but most are because the PCN index signal-to-noise ratio is too small to be 

distinguished from background noise. An example of such a case is shown in Figure 4.2. For this 

 

Figure 4.2. Comparison between the PCN index and the predicted PCN index based on solar 

wind parameters for September 2, 2004. The blue line is the measured PCN index. The green 

line is the predicted PCN index based on a linear regression from EK-R and ALU. Reproduced by 

permission of American Geophysical Union from Gao et al. [2012b]. 
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interval, the PCN index was small (PCN < 1.8). The blue line stands for the measured PCN 

index, while the green line represents the PCN index predicted from equation (4.1). Clearly, they 

are inconsistent. This is confirmed by the low R2 (0.37). In contrast, Figure 2.11 (b) shows a case 

on 20 November 2003. This is an interval when the magnetosphere-ionosphere system was 

experiencing strong driving from the solar wind. The measured PCN index was roughly an order 

of magnitude larger than for the case of Figure 4.2, and the measured and predicted PCN indices 

are highly correlated, with R2 = 0.83.  

To describe the relative importance of the driven and unloading effects on the PCN index, 

I define the driven-to-unloading ratio (DUR) as  

 

Figure 4.3. Histogram of DUR for events with R2 ≥ 0.5 between 1 February 1998 and 31 

December 2006, which can be summarized as: minimum, 0.14; 1st quartile, 1.05; median, 1.5; 3rd 

quartile, 2.03; maximum, 4.98. The red vertical line indicates equal contributions from driven 

and unloading to the PCN index. Reproduced by permission of American Geophysical Union from 

Gao et al. [2012b]. 
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 DUR = | β1 / β2 |,  (4.2) 

where β1 and β2 are regression coefficients in equation (4.1). The distribution of DUR is shown in 

Figure 4.3. Probability concentrates between 0.5 and 3 with summary statistics: minimum, 0.14; 

1st quartile, 1.05; median, 1.50; 3rd quartile, 2.03; and maximum, 4.98.  

4.2.1 Variation in solar cycle 23 

The time series of 1-day DUR from 1 February 1998 to 31 December 2009 is shown in Figure 

4.4. Large variation characterizes the evolution of DUR through solar cycle 23. To obtain more 

useful information, appropriate smoothing needs to be applied to the raw DUR time series by 

using the technique of LOESS [Cleveland, 1979]. The raw and LOESS smoothed DURs are 

 

Figure 4.4. The time series with 1-day resolution of DUR from 1 February 1998 to 31 December 

2009 is plotted in blue. The green line is the LOESS smoothed blue line with k = 60. The red line 

is the LOESS smoothed blue line with k = 700. The magenta vertical lines separate different 

years. Notice that the y axis is spaced in a logarithmic scale. Reproduced by permission of 

American Geophysical Union from Gao et al. [2012b]. 
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shown in Figure 4.4. The green line is the LOESS smoothed DUR with k = 60 (~ ±1 month), 

while the red line has k = 700 (~ ±1 year). The green line reveals the annual variations of the 

DUR which peaks in summer and drops low in winter. This topic is pursued in the next section. 

The red line removes most of the annual variations and represents the variation of DUR within 

solar cycle 23. It reveals an interesting property. Within solar cycle 23, the DUR decreased as 

solar activity increased and increased as solar activity decreased.  It is estimated that the solar 

cycle effect varies the trend of DUR by ±5%.  

 

Figure 4.5. Time series of the monthly averaged quantities from top to bottom: DUR, EK-R, AL, 

and ALU. The red, green and blue lines indicate the 3rd quartile, median and 1st quartile 

respectively. Reproduced by permission of American Geophysical Union from Gao et al. [2012b]. 
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Quantities related to PCN are plotted in Figure 4.5. From top to bottom, plotted are the 

monthly averaged DUR, EK-R, AL and ALU. The blue, green and red lines are 1st quartile, median 

and 3rd quartile respectively. During the transition from solar minimum to solar maximum, the 

electric field increases as expected. Nevertheless, the magnitude of ALU increases even more and 

thus reduces the DUR.  

I believe that the change of DUR, the relative contribution of EK-R and ALU to the PCN 

index, through solar cycle 23 is likely to result from the enhancement of Hall conductance in the 

auroral zone induced by increased electron precipitation just after solar maximum, concurrent 

with the peak strength of high-speed streams [Emery et al. 2009]. The PCN index depends on the 

strength of ionospheric Hall currents both in the polar cap [Takalo and Timonen, 1990; 

Vennerstrøm et al. 1991] and in the auroral electrojet. The form of the dependence of the polar 

cap currents on EK-R is not likely to change much through a solar cycle. The Hall current, 

contributed by the solar wind driving, is calculated as  

 JD = ΣI EK-R, (4.3) 

where JD represents the Hall current driven by the solar wind electric field, and ΣI is the Hall 

conductance that arises from ionization by solar illumination [e.g. Robinson and Vondrak, 1984]. 

The Hall current in the auroral zone is dominated by electron precipitation, implying that the 

current in the auroral electrojet, JU, can be expressed as  

 JU = ΣE-P EU, (4.4) 

where ΣE-P stands for the Hall conductance in the night hemisphere primarily caused by the 

electron precipitation (E-P) [e.g. Spiro et al. 1982], and EU is the ionospheric signature of the tail 

convection electric field. The unloading AL index, ALU, primarily responds to JU [Bargatze et al. 

1985; McPherron and Baker, 1993] and can be expressed as  
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  ALU ∝ JU = ΣE-P EU, (4.5) 

Østagaard et al. [2002] related AE and ΣE-P to Pe, the hemispherical energy dissipation by 

auroral electrons, as  

 ΣE-P ∝ Pe
1/2.  (4.6) 

Emery et al. [2009] studied the relationship between the hourly-averaged global energy 

dissipation by auroral electrons (Pe,G) and three types of solar wind structures: slow speed 

streams (v < 400km/s), high-speed streams (HSS) (v > 400km/s), and transient structures 

associated with coronal mass ejections (CME) over three solar cycles. Here Pe,G measures the 

energy dissipation by auroral electrons in both hemispheres. Therefore, apart from seasonal 

variations, Pe,G is approximately 2Pe, i.e., 

 Pe,G ≈ 2Pe. (4.7) 

Emery et al. [2009] found that Pe,G, and thus Pe, is most effectively controlled by HSS whose 

strength peaks at the beginning of the descending phase of a solar cycle.  

If I assume that, on the time scale of months, the magnitudes of EK-R and EU vary 

proportionally, i.e., 

 EU ∝ EK-R, (4.8) 

the relative magnitude of direct driving and unloading of the PC index in solar cycle 23 can be 

understood. An increase of ΣE-P due to the enhancement of Pe results in a decrease in DUR. As Pe, 

and thus ΣE-P, peak slightly after the solar maximum, DUR reaches its minimum at that phase of 

the solar cycle. Thereafter, DUR starts to increase as Pe and ΣE-P decrease (see Figure 2c in 

Emery et al. [2009] for a detailed description of variation of Pe in solar cycle 23). However, at 

this stage, the proposed interpretation is speculative. Further studies of the variation with solar 

cycle of the relative importance of EK-R and ALU in driving the PCN index are needed.  
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4.2.2 Seasonal variation 

The green line in Figure 4.4 shows that superimposed on the solar cycle variation of the DUR 

there is also an annual variation. Considerations related to the sources of conductance at high 

latitudes can also help explain the seasonal effects in DUR, the matter to which I turn in this 

section. I calculated the monthly DUR by using 30 day block averages. As the solar cycle trend 

is independent of seasonal variations, I remove it as shown in Figure 4.6 by subtracting the trend 

(red line) from the monthly DUR. An autocorrelation function (ACF) [e.g. Shumway and Stoffer, 

2006] of the detrended monthly DUR time series is shown in Figure 4.7. A periodicity of 12 

months is identified with peaks at lags of 13, 24, 37, and 48 months in ACF. 

 

Figure 4.6. Monthly DUR in blue and its solar cycle trend in red. The green line is the detrended 

monthly DUR. Reproduced by permission of American Geophysical Union from Gao et al. [2012b]. 
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To better resolve the periodicity, spectral analysis is performed on the monthly detrended 

DUR time series. Figure 4.8 shows the periodogram [e.g. Shumway and Stoffer, 2006] of the 

detrended monthly DUR time series. The abscissa is physical frequency with units per month. 

The ordinate is power per frequency. The strongest power is peaked at 0.08 /month 

corresponding to a 12 month periodicity. A smaller peak near 0.16 /month corresponds to a semi-

annual variation. Other small peaks remain.  

A smoother spectral estimation is obtained through the Yule-Walker method [Walker, 

1931; Yule, 1927]. In this method, an autoregressive model of order p (AR(p)) is fitted to the 

time series, as  

 

Figure 4.7. Autocorrelation function (ACF) of the detrended monthly DUR time series. 1 lag in 

the x axis indicates a month. Thus, with positive peaks at lags 13, 24, 37, 48, this indicates a 

periodicity of 12 months. Reproduced by permission of American Geophysical Union from Gao et 

al. [2012b]. 
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 xt = φ1xt-1 + φ2xt-2 + … + φpxt-p + ωt, (4.9) 

where xt is the observation at time t, and φ1, φ2, …, φp are regression coefficients, and ωt are 

assumed to be Gaussian white noise with E(ωt) = 0 and var(ωt) = const. The spectral estimation 

is calculated theoretically from φ1, φ2, …, φp [e.g., Shumway and Stoffer, 2006]. The optimal 

order p is evaluated by Akaike’s information criterion (AIC) [Akaike, 1973], defined as  

 AIC = ln σm
2 + (n + 2p) / n. (4.10) 

Here  

 σm
2 = SSRes / n, (4.11) 

 

Figure 4.8. Periodogram of the detrended monthly DUR time series. The abscissa is physical 

frequency with unit per month. The ordinate is power per frequency. Strong power concentrates 

at 0.08 /month, which corresponds to a 12 month period. Some power lies at 0.16 /month, which 

maps to the semi-annual variation. Reproduced by permission of American Geophysical Union 

from Gao et al. [2012b]. 
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where SSRes is the residual sum of squares using autoregression of order p, n is the number of 

observations. AIC balances the goodness of fit, measured by σm
2, against the model complexity, 

quantified by p. An optimal model results in minimum AIC. The optimal order in this study is  

 p = 24. (4.12) 

The corresponding Yule-Walker spectrum is shown in Figure 4.9. The similarity between Figure 

4.8 and Figure 4.9 is clear with major peaks aligning at the same physical frequencies. The 

advantage of the Yule-Walker spectrum is that only important peaks remain, which provides a 

chance to study them one by one. For the spectrum, two peaks at 12 and 6 months are much 

more significant than the rest. I interpret the annual variation in terms of seasonal variations of 

ionospheric conductance. Conductance is enhanced in summer due to the shorter effective light 

 

Figure 4.9. Spectrum estimated by using the Yule-Walker method (described in text). The format 

is the same as Figure 4.8. The vertical magenta lines locate the positions of the local peaks. The 

numbers are the periods in months corresponding to the peaks. Reproduced by permission of 

American Geophysical Union from Gao et al. [2012b]. 
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path caused by decreasing the solar zenith angle. For example, Robinson and Vondrak [1984] 

found that  

 ΣI ∝ cos1/2χ, (4.13) 

where χ is solar zenith angle. With higher Hall conductance in summer, a higher DUR in summer 

is expected. AL, on the other hand, arises from currents that flow in regions where the 

conductance is dominated by electron precipitation [e.g. Spiro et al. 1982].  

Previous studies have demonstrated that conductance caused by electron precipitation 

varies with season. For example, Ridley [2007] proposed that there was 20% more electron 

precipitation in the winter hemisphere than in the summer hemisphere. Emery et al. [2008] found 

that the power in precipitated electrons was 35% higher in the summer hemisphere under quiet 

conditions and 40% higher in the winter hemisphere under active conditions. Thus, there is some 

ambiguity regarding the seasonal variation of precipitation-controlled conductance, and it is 

beyond the scope of this paper to investigate this matter. My results suggest that the seasonal 

variations of solar illumination outweigh the effects of electron precipitation in controlling the 

DUR as shown in Figure 4.4. In Figure 4.4, the green line, the LOESS smoothed DUR with k = 

60, peaks in summer every year, indicating that, in general, the driven component increases more 

than the unloading component in summer months. The current study is consistent with 

Vennerstrøm et al., [1991] who showed that the PC index correlates better with the AE, and AL 

indices in winter (ρ = 0.8-0.9) than in summer (ρ = 0.6-0.8). In winter, smaller conductance 

resulting from diminished solar illumination results in weaker direct driving (compared with 

summer) of the PCN index by the solar wind, without greatly affecting the unloading 

contributions. The consequence is that there will be higher correlations between the PC index 

and AE, AL indices in winter than in summer.  
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Regarding the evidence of the semiannual peak, it is possible that some contributions 

arise because variations containing strong signals at frequency f but with a non-sinusoidal 

structure will contain power at higher order harmonic components at frequencies 2f, 3f, etc [e.g. 

Shumway and Stoffer, 2006]. Thus, the peak at 6 months can be attributed partially to higher 

order harmonic components of the 12 months peak. However, there may be physically important 

sources of the contribution at 2f. It has long been recognized that geomagnetic activity follows a 

semiannual variation, with higher activity during equinox and weaker during solstice. Three 

theories have been proposed to explain the physical mechanism, the axial hypothesis [Bohlin, 

1977; Cortie, 1912], the equinoctial hypothesis [McIntosh, 1959; Svalgaard, 1977], and the 

Russell-McPherron effect [Russell and McPherron, 1973]. It is not the purpose of this thesis to 

evaluate any of the above theories. A semiannual variation of DUR of the PCN index is expected; 

the contribution is to have identified that the relative importance of the dominant currents that 

produce the polar cap magnetic signature varies systematically with solar cycle and also on 

shorter time scales.   

In order to quantify the mean amplitude of the annual variation, I use a first order 

approximation through a regression analysis applied to the daily DUR time series with R2 ≥ 0.5 

with pre-determined frequency corresponding to the highest peak in Figure 4.9,  

 DUR = trend + A1sin(2πt/365) + A2cos(2πt/365) + εt, (4.14) 

where the trend is pre-fixed as the solar cycle trend calculated in section 4.2.1, A1, A2 are 

regression coefficients, and εt is residual. The use of equation (4.14) is justified by the strength of 

the signal at a frequency corresponding to one year in Figure 4.9. The fit to the DUR obtained 

from equation (4.14) is shown in Figure 4.10, superposed on the daily variation from Figure 4.4. 

The ratio peaks in summer, which is consistent with my previous discussion. The magnitude, i.e. 
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A = (A1
2+A2

2)1/2, of the sinusoidal variation is ±0.26. Thus, the summer-winter variation is 

estimated to be ±15%.  

4.3 Discussion and conclusions 

In this chapter, I follow the analysis of Chapter 2 which decomposed the PCN index into two 

primary components, a directly driven component proportional to the electric field of Kivelson 

and Ridley [2008] (EK-R) and an unloading component, linked to the auroral AL index and 

quantified as ALU through a linear regression in equation (4.1). I apply the analysis on a daily 

basis from 1 February 1998 to 31 December 2006 to encompass solar cycle 23. Then I 

statistically study the variation of driven and unloading contribution to the PCN index by 

defining the driven-to-unloading ratio (DUR) (equation (4.2)) and analyzing its properties on 

 

Figure 4.10. As in Figure 4.4 with sinusoidal annual component. Reproduced by permission of 

American Geophysical Union from Gao et al. [2012b]. 
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different time scales.  I find that the DUR varies systematically over solar cycle 23. As solar 

activity increases, the DUR decreases; when solar activity decays, the DUR increases.  

It is tempting to put forward possible explanations of the results of the statistical analysis. 

Here I provide suggestions that have not been fully tested but provide explanations of the results 

that I believe are plausible. I explain the non-intuitive finding regarding the change through the 

solar cycle of the relative contributions of a driven component and an unloading component in 

terms of a nonlinear relation between ALU and EK-R. I relate the latter quantities by the nonlinear 

form shown in equation (4.5), where both ΣE-P and EK-R are enhanced in a high-speed stream. If 

ΣE-P ∝ Pe
1/2 as suggested by Østgaard et al. [2002], ΣE-P increases in association with stronger 

high-speed streams in the solar wind as solar activity approaches maximum and peaks slightly 

after the solar maximum [Emery et al., 2009], causing a decrease in DUR. Then, DUR recovers 

following the decrease of Pe, or equivalently ΣE-P.  

Strong annual variation of DUR is also identified and attributed to the differences in the 

dominant source of EUV conductance in the polar cap and in the auroral zone. The DUR peaks 

in summer and decreases in winter, because in summer the Hall conductance, ΣH, caused by solar 

illumination is expected to increase as the solar zenith angle decreases [e.g. Robinson and 

Vondrak, 1984], and thus, stronger Hall currents are likely to be induced in summer, which 

results in stronger control of the PCN index by the solar wind. The auroral zone conductance 

linked to electron precipitation also varies with season, but is likely to be less important in tuning 

the driven and unloading contributions to the PCN index. Thus, due to higher Hall conductance 

resulting from enhanced solar illumination, a higher DUR in summer than in winter can be 

understood [Robinson and Vondrak, 1984; Vennerstrøm et al., 1991].  



91 
 

The driven, unloading processes are very complicated solar wind-magnetosphere-

ionosphere coupling processes that are not likely to be fully described in terms of variations 

within a solar cycle and annual variations. As seen from Figure 4.4, only part of the variance of 

DUR can be understood as the sum of variations within a solar cycle and annual variations. I 

have not fully identified all the factors that contribute to DUR in controlling polar cap dynamics, 

but I believe that this statistical study of the polar cap response to solar wind and magnetotail 

drivers will provide a useful basis for future studies of polar cap dynamics.  



92 
 

CHAPTER 5  

Two Cross Polar Cap Potential Saturation Models 

Compared: Kivelson-Ridley Model versus Siscoe-Hill Model 

5.1 Introduction  

The cross polar cap potential (ΦPC) measures the rate of magnetic flux transfer from the solar 

wind to the magnetosphere. It is widely regarded as an important parameter in characterizing the 

coupling between solar wind and magnetosphere. It is found that the cross polar cap potential 

increases linearly with the solar wind electric field under nominal solar wind conditions. For 

example, Boyle et al. [1997] empirically obtained a formula which linearly relates ΦPC measured 

by Defense Meteorological Satellite Program (DMSP) to the solar wind parameters through  

  ΦPC[kV] ≈ 10-7v[km/s]2 + 11.7B[nT] sin3θ/2, (5.1) 

where ΦPC is in kV, v is the solar wind velocity in km/s, and B is the IMF magnitude in nT. Boyle 

et al. [1997] attributed the 1st term to the viscous interaction between the solar wind and the 

magnetosphere through the low-latitude boundary layer, i.e.,  

  Φvis[kV] ≈ 10-7v[km/s]2, (5.2) 

and the 2nd term to the low-latitude magnetic reconnection, i.e.,  

 Φrec[kV] ≈ 11.7B[nT]sin3θ/2.  (5.3) 
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Previous studies found that, under nominal solar wind conditions, ΦPC predicted from equation 

(5.1) agrees reasonably well with observations [e.g. Boyle et al., 1997]. However, ΦPC 

asymptotes to a constant value of the order 200 kV for large electric field, or saturates [e.g. 

Russell et al., 2000], instead of increasing linearly as predicted by equation (5.1). The saturation 

of ΦPC is consistent with observations [Nagatsuma, 2002a; Shepherd et al., 2002; Hairston et al., 

2003; Ober et al., 2003] and is found to occur in MHD simulations [Raeder et al., 2001; Siscoe 

et al., 2002; Merkine et al., 2003]. Several models were proposed to explain the saturation of ΦPC 

[Siscoe et al., 2002; Kivelson and Ridley, 2008; Borovsky et al., 2009]. However, the saturation 

mechanism is still under debate. Borovsky et al. [2009] compared several saturation models and 

categorized them as reconnection and post-reconnection models. The reconnection models, with 

details varying, explain the reduced potential as being caused by a reduction of the dayside 

reconnection rate. In contrast, the post-reconnection model of Kivelson and Ridley [2008] 

explains the reduced potential in terms of processes occurring on the newly reconnected field 

lines.  

The most extensively studied reconnection model is presented by Siscoe et al. [2002; 

2004], herein referred as the Siscoe-Hill model [Hill et al., 1976; Siscoe et al., 2002; 2004]. The 

Siscoe-Hill model explains the saturation of ΦPC as a result of the feedback of the Region-1 field-

aligned current. Under extreme solar wind driving, the magnetic field generated by the Region-1 

current becomes comparable to and opposes the Earth’s dipole field at the magnetopause where 

reconnection occurs. By significantly weakening the field that is reconnecting, the Region-1 

current ultimately limits the reconnection rate, resulting in the saturation of ΦPC [Siscoe et al., 

2002]. 
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Hill et al. [1976] argued that, for any given solar wind reconnection electric field, the 

cross polar cap potential is determined by the interplay between an unsaturated trans-

magnetospheric potential (ΦM) and a saturated transpolar potential (ΦS). ΦM is the potential drop 

around the magnetopause that results from magnetic reconnection in the absence of the 

saturation mechanism. This is an idealized potential in that the model assumes that it increases 

linearly with the reconnection electric field (EK-L) [Kan and Lee, 1979], i.e.,  

 ΦM ∝ EK-L, (5.4) 

even into the saturation domain where, according to the model, the real reconnection potential 

drop saturates. ΦS is the transpolar potential that generates Region-1 current strong enough to 

prevent any further increase in the reconnection rate by creating an opposing magnetic field at 

the reconnection site. Hill et al. [1976] expressed the interplay between ΦM and ΦS by combining 

them as  

 ΦS-H = ΦM ΦS / (ΦM + ΦS). (5.5) 

Under nominal solar wind conditions,  

 ΦM ≪ ΦS. (5.6) 

Thus,  

 ΦS-H ≈ ΦM. (5.7) 

However, at high levels of geomagnetic activity, ΦM increases to such an extent that  

 ΦM ≫ ΦS, (5.8) 

and thus,  

 ΦS-H ≈ ΦS. (5.9) 

ΦS-H saturates for such intervals. Siscoe et al. [2002] adopted and extended the results of Hill et 

al. [1976] by relating ΦM and ΦS to solar wind and ionospheric parameters. Siscoe et al. [2002] 
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applied the magnetic reconnection theory to the magnetopause and obtained an analytical 

formula for ΦM as  

  ΦM = 1.82×106EK-L p-1/6, (5.10) 

where EK-L is the reconnection electric field and p is the solar wind pressure in SI units. In the 

following analysis, the parameters are in SI units. p, in equation (5.10), includes both the 

dynamic pressure (pdyn) and the magnetic pressure (pmag), i.e., 

 p = pdyn + pmag = ρu2 + B2/2μ0, (5.11) 

where ρ is the solar wind mass density, B is the IMF magnitude, and μ0=4π×10-7H/m is the 

permeability of free space. This is because, although typically pmag ≈ 19 pPa and pdyn ≈ 2.6 nPa, 

i.e.,  

 pmag ≪ pdyn,  (5.12) 

pmag can become comparable to pdyn during a storm interval, i.e.,  

 pmag ≈ pdyn. (5.13) 

The analytic formula of ΦS is derived based on the magnetic field generated by the Region-1 

current and is given by  

 ΦS = 4.61×109p1/3 / ξΣP, (5.14) 

where ΣP, fixed at 10 S, is the ionospheric Pedersen conductance, and ξ is a coefficient of the 

geometry of current flow lines in the ionosphere. An empirical equation given by Siscoe et al. 

[2002] relates ξ to ΣP through  

 ξ ≈ 4.45 – 1.08log10ΣP. (5.15) 

From equation (5.15), ξ is between 3 and 4, and is not sensitive to ΣP. When ΣP = 10 S, ξ = 3.37, 

which is the value used in the following analysis. To emphasize,  

  ξ |ΣP = 10 S = 3.37. (5.16) 
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By substituting equation (5.10) and equation (5.14) into equation (5.5), the analytic formula of 

the Siscoe-Hill model is obtained, i.e.,  

  ΦS-H = Φvis
 + 1.82×106EK-L p1/3 / (p1/2 + 4×10-4ξΣPEK-L), (5.17) 

where a viscous term has been added.  

The model of Kivelson and Ridley [2008], i.e. Kivelson-Ridley model, is considered as a 

post-reconnection model because it places no constraints on the reconnection efficiency or the 

magnetospheric geometry. Kivelson and Ridley [2008] argued that when the impedance of the 

solar wind across polar cap field lines dominates the impedance of the ionosphere, the Alfvén 

waves incident from the solar wind are partially reflected, reducing the signal in the polar cap. 

The ratio of the cross polar cap electric field (EK-R) to the reconnection electric field (EK-L) is 

2ΣA/(ΣP + ΣA), i.e.,  

  EK-R = EK-L 2ΣA/(ΣP + ΣA), (5.18) 

where ΣP is the ionospheric Pederson conductance taken as 10 S, and ΣA is the Alfvén 

conductance of the solar wind. Under nominal solar wind conditions, the solar wind Alfvén 

conductance is ΣA ≈ 16 S. With ΣP ≈ 10 S [Kivelson and Ridley, 2008], EK-R is slightly larger 

than but close to EK-L, i.e.,  

 EK-R ≈ 1.2 EK-L. (5.19) 

Under intense solar wind driving, ΣA decreases to such an extent that  

  ΣA < ΣP. (5.20) 

Therefore,  

 EK-R < EK-L. (5.21) 

Then, the cross polar cap potential is calculated from  

 ΦK-R = Φvis + EK-RD, (5.22) 
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where D is defined as the distance across the unperturbed solar wind containing field lines that 

reconnect as they encounter the dayside of the magnetosphere. D is taken to be proportional to 

the distance to the nose of the magnetopause (Rmp),  

 D = 0.1Rmp, (5.23) 

where Rmp is calculated from  

 Rmp = [(2B0)2 / 2μ0 p]1/6RE, (5.24) 

where B0 = 30.4 μT is the equatorial surface field of the Earth. Thus, the analytic formula given 

by the Kivelson-Ridley model is  

 ΦK-R = Φvis + 1.35×106 EK-L p-1/6ΣA/(ΣA+ΣP), (5.25) 

where  

 0.2π[(2B0)2/2μ0]1/6RE = 1.35×106 (5.26) 

has been substituted.  

In this chapter, I explore the similarity and difference between those two models, and 

compare the model predictions with measurements. In section 5.2, I compare equation (5.17) 

with equation (5.25) in the saturation limit. It is found that, except for some trivial differences, 

equation (5.17) is practically the same as equation (5.25) in the saturation limit. In section 5.3, 

using the same cases as Gao et al. [2012c], the model predictions are compared to the 

measurements of AMIE, DMSP, the PC index, and SuperDARN. Since different measurements 

give very different values, but the model predictions are close, it is impossible to show that one 

model is better than the other by comparing the predictions with the measurements.  
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5.2 A formula of ΦS-H similar to ΦK-R  

In this section, I compare equation (5.17) with equation (5.25) under general solar wind 

conditions. First, notice that by defining  

 F = 2.5×103p1/2 / ξEK-L, (5.27) 

equation (5.17) can be written as  

 ΦS-H = Φvis
 + 1.82×106EK-L p-1/6 F / (F+ΣP). (5.28) 

The difference between equation (5.28) and equation (5.25) lies in the difference between F and 

ΣA. Let  

 F = 0.74ηΣA, (5.29) 

where η = F / 0.74ΣA can be computed from  

 η = (1+pmag/pdyn)1/2 (B/BYZ) sin-2θ/2. (5.30) 

Thus, η varies between 1 and ∞, i.e.,  

 η ∈ (1, ∞). (5.31) 

In equation (5.30), ξ is estimated by substituting ΣP = 10 S in equation (5.15), i.e., ξ = 3.37. In 

summary,  

 ΦS-H = Φvis + 1.34×106EK-L p-1/6 ηΣA / (0.74ηΣA + ΣP). (5.32) 

Thus, the challenge is to distinguish the above equation from  

 ΦK-R = Φvis + 1.35×106 EK-Lp-1/6 ΣA / (ΣA + ΣP). (5.33) 

The saturation of cross polar cap potential often occurs during a magnetic storm driven by a 

coronal mass ejection (CME) [e.g. Kivelson and Ridley, 2008], during which ΣA can decrease to 

such an extent that ΣA ≪ ΣP. In this limit,  

 ΣA + ΣP ≈ ΣP, and 0.74ΣA + ΣP ≈ ΣP. (5.34) 
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Besides, in a CME-driven magnetic storm, BZ is negative and usually dominates over both BX 

and BY, i.e.,  

 | BZ | ≫ | BY |, and | BZ | ≫ | BX |. (5.35) 

Thus,  

 B/BYZ ≈ 1, and sin-2θ/2 ≈ 1. (5.36) 

Besides, if  

 1 + pmag/pdyn ≈ 1, or p ≈ pdyn, (5.37) 

is assumed (see Figure 5.3), then  

 η ≈ 1. (5.38) 

Ignoring the viscous term, ΦS-H and ΦK-R become  

 ΦS-H ≈ 1.20×109p1/3/ΣP, and ΦK-R ≈ 1.20×109p1/3/ΣP. (5.39) 

Thus,  

 ΦS-H ≈ ΦK-R. (5.40) 

In equation (5.39),   

 EK-LΣA = (uBYZsin2θ/2) (ρ1/2/Bμ0
1/2)  ≈ 892p1/2 (5.41) 

has been used. Thus, in most cases the Siscoe-Hill model and the Kivelson-Ridley model predict 

similar saturated potentials. In order to obtain significantly different predictions from the two 

models, η needs to be larger than 1, for which either a large BX or BY component must be present, 

or pmag must be comparable to pdyn.  

5.3 Comparing model predictions with measurements  

Four techniques are commonly used to measure ionospheric quantities including ΦPC: (1) 

Assimilative Mapping of Ionospheric Electrodynamics (AMIE) [Richmond and Kamide, 1998; 
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Richmond et al., 1988], (2) Defense Meteorological Satellite Program (DMSP) [Hairston et al., 

1998], (3) polar cap index [Troshichev et al., 1988] and (4) Super Dual Auroral Radar Network 

(SuperDARN) [Ruohoniemi and Baker, 1998].  

The DMSP instruments measure the cross-track ion drift velocity v⊥ and using that to 

calculate the electric field along the spacecraft trajectory from  

 E∥ = –v⊥×B, (5.42) 

where B is the local magnetic field taken as the International Geomagnetic Reference Field 

(IGRF). The electric potential along the spacecraft trajectory is computed as   

 Φ(s) = ∫l E∥ ds, (5.43) 

where l stands for the DMSP trajectory in the polar cap region, and s is a point on the spacecraft 

trajectory. ΦPC is estimated by the difference between potential extrema, i.e., 

 ΦPC ≈ max Φ(s) – min Φ(s). (5.44) 

The DMSP F-13 satellite used in this study has a trajectory primarily along the dawn-dusk 

direction, which is desirable for measuring ΦPC. However, this trajectory still rarely passes over 

the true potential maximum and minimum. Thus, the potential given by DMSP can be 

systematically smaller than the true value. Besides, it normally takes from 12 to 20 minutes for 

DMSP to cross the polar cap region, during which the value of ΦPC may change significantly.  

The PC index, derived from the surface magnetic field perturbation [Troshichev et al., 

1988], responds directly to the solar wind driving [e.g. Gao et al., 2012a; 2012b; 2012c]. 

Troshichev et al. [1996] compared the PC index with ΦPC measured by EXOS-D satellite and 

found 

 ΦPC[kV] ≈ 19.35PC + 8.78. (5.45) 
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Ridley and Kihn [2004] took seasonal variation into account and gave a different formula to 

convert from the PC index to ΦPC measured by AMIE, i.e., 

 ΦPC[kV] ≈ 29.28 – 3.31sin(T + 1.49) + 17.81PC, (5.46) 

where T is the month of the year normalized to 2π, i.e., 

 T = (month – 1) × 2π/12. (5.47) 

For example, January = 0, July = 6 × 2π/12, December = 11 × 2π/12 [Ridley and Kihn, 2004]. 

However, since the PC index does not directly measure ΦPC, the two equations above are correct 

fits to the AMIE potential values. In addition, the PC index can take on a negative value 

[Nagatsuma, 2002b], which may result in a negative prediction of ΦPC. Thus, there are intervals 

during which equation (5.45) and equation (5.46) fail.  

SuperDARN measures line-of-sight ionospheric convection velocities with a ground-

based network of radars and then infers functional forms of the electrostatic potential 

[Ruohoniemi and Baker, 1998]. The electrostatic potential, as a function of co-latitude and 

longitude, is expressed as a truncated expansion of spherical harmonic functions. Then, the 

expansion coefficients are estimated to give the best consistency between the measured line-of-

sight velocity and that predicted from the harmonic expansion. The cross polar cap potential is 

computed from the difference between the extrema of the electrostatic potential inferred from the 

expansion. It is believed that the main limitation of using ground-based radars to measure ΦPC 

lies in the radars’ limited field of view. For the large fields present when saturation occurs, the 

polar cap can expand out of the SuperDARN radars’ field of view, which can result in an 

underestimate of ΦPC [e.g. Shepherd et al., 2002].  
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AMIE assimilates many types of data from both ground-based and space-based 

instruments and produces estimates of several ionospheric parameters including ΦPC. It is a 

technique for mapping high-latitude electric fields and currents and their associated magnetic 

variations from sets of localized observational data including magnetic field data from ground 

magnetometers and electric field data from radars and satellites [Ridley and Kihn, 2004]. The 

algorithm of AMIE, like that of SuperDARN, also fits a truncated harmonic expansion of 

electrostatic potential to observations [Richmond and Kamide, 1988; Matsuo et al., 2005]. 

Although the results of this technique are thought to represent flows and perturbation fields well, 

a priori knowledge of the ionospheric Hall conductance (ΣH) is required when magnetometer 

 

Figure 5.1. The cross polar cap potential (ΦPC) on 20 November 2000. The blue line is ΦPC 

computed from equation (5.1). The green line is ΦS-H. The red line is ΦK-R. The black dashed line 

with circles is ΦPC measured by DMSP. The cyan line is ΦPC converted from PC index using the 

formula of Troshichev et al. [1996]. The magenta line is ΦPC measured by AMIE. The yellow 

line is ΦPC measured by SuperDARN.  
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observations are used. It has been suggested that incorrect Hall conductance estimates during 

extreme conditions can lead to incorrect predictions of ΦPC with the AMIE technique [Ridley and 

Kihn, 2004]. See Gao [2012a] for the difference between the algorithms of AMIE and 

SuperDARN.  

Using the events listed in Table 2.1, I compare the potentials predicted from equation 

(5.17) and equation (5.25) with the measurements. Figure 5.1 shows the interval on 20 

November 2003 that is discussed in Chapter 2. ΦPC predicted from equation (5.1), equation 

(5.17), and equation (5.25) are displayed in the blue line, the green line and the red line, 

respectively. ΦPC’s measured by the aforementioned techniques are also plotted. For convenience, 

 

Figure 5.2. The parameters of Siscoe-Hill model and Kivelson-Ridley model on 20 November 

2003. (a) The trans-magnetospheric potential ΦM (equation (5.10)) and the transpolar potential 

ΦS (equation (5.14)); (b) the Alfvén conductance of the solar wind, Σ A. The red line in panel (b) 

labels 10 S, which is the value of ΣP used in this thesis. 
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I define saturation as the time interval during which the formula of Boyle et al. [1997] (equation 

(5.1)) over-predicted ΦPC by at least 100 kV compared to the 2nd largest prediction or 

measurement, which was between 11:00 UT and 20:00 UT for this case. From Figure 5.1, it is 

clear that, during the saturation interval, different techniques can give quite different 

measurements. For example, ΦPC measured by SuperDARN is significantly lower than the values 

obtained from other techniques. However, the model predictions, ΦS-H and ΦK-R, agree well with 

each other.  

As argued by Siscoe et al. [2002], the trans-magnetospheric potential ΦM dominated the 

transpolar potential ΦS during the saturation interval (Figure 5.2 (a)). Thus, in this interval, ΦS-H 

was almost equal to ΦS. In the meantime, as seen from Figure 5.2 (b), ΣA decreased to such an 

 

Figure 5.3. The magnetic pressure, pmag, and dynamic pressure, pdyn, on 20 November 2003. (a) 

pmag and pdyn versus time; (b) the ratio between pdyn and pmag versus time. The Y axes are in 

logarithmic scales.  



105 
 

extent that ΣA < ΣP was satisfied as suggested by Kivelson and Ridley [2008]. Therefore, EK-R 

became smaller than EK-L.  

Figure 5.3 compares the magnetic pressure, pmag, with the dynamic pressure, pdyn, for this 

case.  As seen from Figure 5.3 (a), on 20 November 2003, pdyn was always larger than pmag. The 

ratio, pdyn/pmag, was close to 100 during the non-saturation interval (00:00 UT to 09:00 UT in 

Figure 5.3 (b)). Even though, during the saturation interval, the ratio decreased, it remained 

above 3. Thus, it is legitimate to assume that equation (5.37) is satisfied, and that similar 

predictions from equations (5.17) and (5.25) can be expected.  

Another case on 6-7 April 2000 is shown in Figure 5.4. The formula of Boyle et al. [1997] 

over-predicted ΦPC in the interval between 18:00 UT and 24:00 UT on 6 April 2000. Similar to 

the previous case, ΦS-H was close to ΦK-R, while discrepancies among observations were found 

 

Figure 5.4. As in Figure 5.1 for a different case on 6-7 April 2000.  
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during the saturation interval. A detailed examination of the other events of Gao et al. [2012c] 

supports the above argument. As before the SuperDARN measurement appears to underestimate 

ΦPC in a saturation interval. However, it is plotted for completeness.  

 

Figure 5.5. Histograms of (a) ΦK-R, (b) ΣA, (c) ΦS-H, and (d) ΦM – ΦS for 1 minute solar wind 

observation from 1999 to 2009. The text in a panel shows the summary statistics of the plotted 

quantity. For example, in panel (a), ΦK-R is summarized as: minimum, 1.83; 1st quartile, 25.56; 

median, 37.42; 3rd quartile, 54.66; maximum, 375.17.  
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Using 1 minute observations from the Advanced Composition Explorer (ACE) to 

evaluate equation (5.25), the histogram of ΦK-R from 1999 to 2009 is shown in Figure 5.5 (a). 

The probability mass concentrates around 30 kV and predicted values larger than 150 kV rarely 

occur. Kivelson and Ridley [2008] argue that saturation occurs when the impedance of solar wind 

dominates that of the ionosphere, i.e. equation (5.20). With ΣP fixed at 10 S, this saturation 

criterion is met 6% of the time (Figure 5.5 (b)). In Figure 5.5 (c), the histogram of ΦS-H is 

displayed. Compared to Figure 5.5 (a), ΦS-H is likely to take on a value larger than ΦK-R. Siscoe 

et al. [2002] argued that when the trans-magnetospheric potential (ΦM) dominates the transpolar 

potential (ΦS), saturation occurs, which results in the saturation criterion  ΦM > ΦS. For the solar 

wind observation from 1999 to 2009, this criterion is satisfied 4% of the time (Figure 5.5 (d)).  

The difference between ΦK-R and ΦS-H is systematically examined by studying  

 Δ = ΦK-R – ΦS-H (5.48) 

from 1999 to 2009. The histogram of Δ is shown in Figure 5.6 (a). Notice that the distribution of 

Δ is strongly biased toward the negative end, which means that, in general,  

 ΦK-R ≤ ΦS-H.  (5.49) 

The probability mass of Δ concentrates around 10 kV, i.e.,  

 ΦS-H ≈ ΦK-R + 10 kV.  (5.50) 

Given the uncertainties of the measurements, such a difference (10 kV) is not large enough to 

differentiate the two models. The conditional distribution of Δ under  

 ΦM > ΦS  (5.51) 

is shown in Figure 5.6 (b). Compared to Figure 5.6 (a), the difference between ΦK-R and ΦS-H is 

more likely to take on a large (negative) value. The criterion,  

 ΣA < 10 S,  (5.52) 
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can be used instead, whose result is shown in Figure 5.6 (c). Figure 5.6 (d) shows the distribution 

of Δ when both criteria are used. With a saturation criterion (Figure 5.6 (b), (c), or (d)), the 

magnitude of difference is likely to be larger than without one. However, there are still few cases 

 

Figure 5.6. Histograms of (a) Δ, (b) a subset of Δ satisfying ΦM > ΦS, (c) a subset of Δ satisfying 

ΣA < 10 S, and (d) a subset of Δ satisfying ΦM > ΦS and ΣA < 10 S for 1 minute solar wind 

observation from 1999 to 2009. The text in a panel shows the summary statistics of the plotted 

quantity.  
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for which ΦK-R differs from ΦS-H considerably. For example, in the decade analyzed, there is 

only one case, on 15 May 2005, with intervals during which  

 | Δ | > 100 kV. (5.53) 

The case of 15 May 2005 is shown in Figure 5.7. After 06:00 UT, the difference between ΦS-H 

and ΦK-R remained close to 100 kV. The reason for the difference between ΦK-R and ΦS-H is 

shown in Figure 5.8. Corresponding to the big difference between ΦK-R and ΦS-H during the 

interval with ΣA < ΣP (Figure 5.8 (a)), η differs substantially from 1 (Figure 5.8 (b)) due to the 

IMF geometry (Figure 5.8 (c)), for which B/BYZsin-2θ/2 became large (Figure 5.8 (d)). Although 

pmag was close to pdyn at around 10:00 UT, the ratio of pmag to pdyn remained below 1 (Figure 5.8 

(e)), and thus, did not contribute to η significantly. Besides, after 06:00 UT, ΣA was much 

smaller than ΣP, i.e., ΣA ≪ ΣP. Thus, by ignoring the viscous term,  

 ΦK-R ≈ 1.35×106 EK-L p-1/6 ΣA /ΣP, and, ΦS-H ≈ 1.82×106 EK-L p-1/6 = ΦM. (5.54) 

 

Figure 5.7. As in Figure 5.1 for a different case on 15 May 2005. 
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In other words, for the interval between 09:00 UT and 18:00 UT when IMF was northward-

oriented, the theory of Kivelson and Ridley [2008] predicts the saturation of cross polar cap 

potential, while, according to Siscoe et al. [2002; 2004], saturation did not occur. Clearly, after 

09:00 UT, the measurements were close to ΦK-R in terms of absolute value. However, the 

measured ΦPC was much smaller than either ΦS-H or ΦK-R from 06:00 UT to 08:00 UT. One 

should note that, after 06:00 UT, the time derivative of ΦPC measured by AMIE or PC index was 

closer to the derivative of ΦS-H than the derivative of ΦK-R (i.e., ΦS-H – ΦPC ≈ const). Thus, even 

though the two models gave fundamentally different predictions for the case of 15 May 2005, the 

difference of the predicted values was still not large enough in magnitude to argue that one 

model is better than the other by directly comparing ΦS-H and ΦK-R with data.  

 

Figure 5.8. The predicted cross polar cap potentials and the relevant parameters on 15 May 2005. 

Plotted are the time series of (a) ΦK-R and ΦS-H; (b) η (equation(5.30)); (c) IMF in GSM 

coordinates; (d) B/BYZsin-2θ/2; (e) the ratio of pmag to pdyn; (f) the solar wind Alfvén conductance, 

ΣA.  
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There are two factors that complicate the comparison between the Siscoe-Hill model and 

the Kivelson-Ridley model. One is the occurrence of both mechanisms during a given saturation 

case. The other is the feedback of magnetotail activity. The mechanisms suggested in developing 

the two models, i.e. feedback of the Region-1 current which reduces the reconnection rate and 

reflection of the incident electric field which reduces the transmitted electric field, co-occur 

during a saturation interval. Siscoe [2011] argued that the two models probably should be 

regarded not as different theories but as alternative formulations of the same basic idea. He 

further argued that the Siscoe-Hill model formulates the basic idea, while the Kivelson-Ridley 

model gives a specific instance of it. The consistency between the two models during a saturation 

interval suggests that the process described by Siscoe et al. [2002] is likely to be concurrent with 

that described by Kivelson and Ridley [2008]. However, we disagree with Siscoe [2011] that the 

Kivelson-Ridley model gives a specific instance of the Siscoe-Hill model. On 15 May 2005, the 

Siscoe-Hill model predicts no saturation but the Kivelson-Ridley model predicts saturation after 

06:00 UT. In addition, it is difficult to believe that the magnetic field cancellation at the low-

latitude magnetopause resulting from the enhanced Region-1 currents is the same as the partial 

wave reflection on the newly reconnected field line due to the dominance of solar wind 

impedance over the ionospheric impedance. However, as to the mechanism responsible for the 

saturation of ΦPC, we believe that one process plays the key role. Unfortunately, the effects of 

two processes that occur concurrently cannot be identified separately by using existing 

observations.  

Another reason is that neither model predicts the full potential (e.g. Figure 5.1). The cross 

polar cap potential results from the convective flows in the polar ionosphere. In addition to the 

convection initiated by the solar wind and IMF, there are other sources of the convective flows 
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that affect the potential. For example, in Chapter 2, I find that the polar cap dynamics also 

responds to the magnetotail energy unloading, whose contribution is comparable to that of the 

solar wind driving. Thus, magnetotail activity is expected to contribute significantly to the cross 

polar cap potential. However, both the Siscoe-Hill model and the Kivelson-Ridley model are 

driven models, in the sense that they make no attempt to consider the phenomenology of the 

magnetotail and do not ascribe any particular importance to reconnection in the tail. A direct 

consequence is that the measured ΦPC is more dynamic than ΦPC predicted by either model (e.g. 

Figure 5.1), which further complicates the comparison of the two models.  

5.4 Discussion and conclusions  

It has been noticed in previous studies [e.g. Lavraud and Borovsky, 2008; Siscoe, 2011] that the 

cross polar cap potential predicted by Siscoe et al. [2002] is similar to that predicted by Kivelson 

and Ridley [2008]. In this chapter, I examine the similarities and differences between the two 

models mathematically and compare the predictions to the measurements. I find that the 

mathematical formula of the Kivelson-Ridley model is similar to that of the Siscoe-Hill model. 

The difference can be summarized in an η factor (equation (5.32) versus equation (5.33)). Using 

the saturation cases of Gao et al. [2012c], I compare the model predictions with the 

measurements of AMIE, DMSP, PC index and SuperDARN. I find that, as expected, the model 

predictions are very close to each other, although the measurements from different techniques are 

quite different. A systematic survey of the difference in model predictions from 1999 to 2009 

shows that, on average, ΦK-R is smaller than ΦS-H by 10 kV. Given the uncertainties of the 

measurements, such a difference is not large enough to support one model instead of another. 

There is one exceptional event for which the difference between ΦS-H and ΦK-R was as large as 
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100 kV. However, even for this case, it is still not possible to establish that one model is to be 

preferred over the other by comparing with observations. 

Siscoe et al. [2002] propose that it is the feedback of the Region-1 current that reduces 

the reconnection rate which eventually limits the rate of flux transfer from the solar wind to the 

magnetotail, resulting in the saturation of ΦPC. However, Kivelson and Ridley [2008] argue that 

the saturation of ΦPC is caused by the reflection of the Alfvén waves incident from the solar wind, 

when the impedance of the solar wind across the polar cap field lines dominates the impedance 

of the ionosphere. These two processes co-occur in a saturation interval, and lead to very similar 

predictions of ΦPC. Thus, it is impossible to tell which is responsible for the saturation of ΦPC 

from observations.  

The contribution from magnetotail activity further complicates the comparison. Besides, 

polar cap dynamics are significantly influenced by the magnetotail energy unloading, and so is 

ΦPC. Since both the Siscoe-Hill model and the Kivelson-Ridley model are driven models that do 

not incorporate magnetotail activity, it is unlikely that either prediction will be fully consistent 

with measurements. As seen from Figure 5.1, the measured ΦPC is more dynamic than that 

predicted from the models, an observation that is further confirmed in Figure 5.4 and Figure 5.7.  

In summary, since both the processes behind the Siscoe-Hill mechanism and the 

Kivelson-Ridley mechanism occur during saturation intervals and energy unloading in the 

magnetotail further complicates a comparison of predictions with data, it is unpromising to 

directly compare the predictions of the two models with measurements to determine which 

process is responsible for the saturation of ΦPC.  
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CHAPTER 6  

Conclusions and Future Work 

The solar wind-magnetosphere-ionosphere coupling is an important mechanism that governs the 

earth's ionospheric dynamo. In this thesis, I investigate how polar cap dynamics are coupled to 

solar wind and magnetotail activity by studying the relation among the PCN index, solar wind-

magnetosphere coupling functions and the AL index. I focus on intervals of high geomagnetic 

activity, during which the data are less influenced by statistical fluctuations and the coupling 

functions are likely to be different. Four major findings resulted from this thesis include: 

1. The electric field of Kivelson and Ridley [2008], EK-R, which incorporates a saturation 

mechanism, generally outperforms other coupling functions in predicting the polar cap 

magnetic field perturbation at high levels of geomagnetic activity.  

2. The magnetotail energy unloading, represented by an unloading AL index, ALU, makes 

significant contribution to the polar cap dynamics as represented by the PCN index. 

3. The PCN index can be linearly related to its solar wind driver (EK-R) and magnetotail 

driver (ALU), i.e., PCN ≈ β0 + β1zs(EK-R) + β2zs(ALU), where β0, β1 and β2 are constants 

over time intervals of a day.  



115 
 

4. Driven contribution relative to the unloading contribution to the PCN index, quantified 

by driven-to-unloading ratio (DUR = |β1/β2|), varies with solar cycle and season with 

enhanced DUR in solar minimum and summer hemisphere.  

Chapter 2 presented a study, in which I examined 53 one to two-day intervals that include 

large PCN-derived cross polar cap potential. It is found that, among 11 candidate coupling 

functions including the merging electric field of Kan and Lee [1979] and universal coupling 

function of Newell et al. [2007], the electric field of Kivelson and Ridley [2008] predicts the PCN 

index through a linear model best. It is also found that the magnetotail energy unloading, as 

represented by an unloading AL index (ALU), makes a contribution to the PCN index 

comparable to that of EK-R. Besides, the PCN index can be linearly related to EK-R and ALU, i.e., 

PCN ≈ β0 + β1zs(EK-R) + β2zs(ALU), where β0, β1, and β2 are constants estimated from regression, 

and zs(⋅) is the z-score function. In addition, β1 is approximately twice as large as β2, which 

indicates that the directly driven contribution outweighs the energy unloading contribution by 

roughly a factor of 2.  

Chapter 3 examines the validity of the linear assumption between the PCN index and 

EK-R, ALU. Using the same events as those used in Chapter 2, the results of the linear model are 

compared to those of the additive model, i.e., PCN ≈ α + f1(EK-R) + f2(ALU), where α is a 

constant, and f1(⋅), f2(⋅) are arbitrary smooth functions. Here, the additive model is more general 

and non-linear. It is found that the results of the two models are similar to each other, indicating 

that the linear assumption is generally valid for an interval of a day. However, there are 

anomalous events during which the auroral oval expanded poleward to the latitude of the PCN 
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station and the index increased because of the auroral zone currents. For such events, the linear 

model fails.  

Chapter 4 applies the linear model to most of the days in solar cycle 23 and studies the 

relative driven and unloading contribution to the PCN index. A driven-to-unloading ratio (DUR) 

is defined from the linear model, i.e., DUR = |β1/β2|, where β1 and β2 are regression coefficients 

of zs(EK-R) and zs(ALU). The long-term variations of DUR with solar cycle and season were 

investigated. Near solar maximum, the relative unloading contribution increases because of an 

enhanced conductance caused by electron precipitation on the nightside. The relative driven 

contribution increases in summer due to an enhanced Hall conductance resulting from a shorter 

effective light path.  

Chapter 5 compares the saturation model of Kivelson and Ridley [2008] with that of 

Siscoe et al. [2002; 2004]. Although EK-R is successful in explaining the polar cap magnetic 

disturbance at high levels of geomagnetic activity by taking saturation into account, a competing 

saturation model of Siscoe et al. [2002; 2004] predicts similar results. In Chapter 5, I 

demonstrate that, in the saturation limit, these two models give almost identical predictions. In 

addition, the model predictions are compared with measurements (AMIE, DMSP, PC index, and 

SuperDARN). Unfortunately, given the great uncertainties in measurements, it is impossible to 

prefer one model over the other.  

This thesis provides a useful reference for understanding the coupling among solar wind, 

magnetosphere and ionosphere. It is also an important first step in exploring the physical 

mechanism of cross polar cap potential saturation. Since it is not possible to verify a saturation 

model from measurements, future work will include case studies by using global MHD 
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simulations. One can use real cases used in this thesis and run global MHD simulation on that 

day. Then, one could examine whether the reconnection rate at the low-latitude magnetopause is 

lowered by the increased strength of Region-1 currents as suggested by Siscoe et al. [2002]. 

Besides, one can also try to find whether the wave is partially reflected by ionosphere as 

predicted by Kivelson and Ridley [2008]. It is also beneficial to run some ideal cases in which 

big difference between ΦK-R and ΦS-H was found. For example, one can set η ≫ 1, and in the 

meantime, ηΣA ≪ ΣP. In this way, ΦS-H ≫ ΦK-R. Then, one can check which model prediction is 

more consistent with the simulated result.  

An interesting prediction of EK-R is that the solar wind density (n) plays a role in 

controlling the solar wind-magnetosphere coupling when ΣA is reasonably small compared to ΣP. 

Since if ΣA ≫ ΣP, EK-R ≈ 2EK-L, which is independent of n. This can be the reason why some 

coupling functions have density dependence, while others do not. A quick examination would 

pick intervals of small Alfvén conductance and check the consistency between the PCN index 

and solar wind density. In contrast, a data set of large Alfvén conductance should also be 

construct, for which the consistency between the PCN index and n is also examined. If EK-R is 

the coupling function that controls the polar cap activity, it is expected to see a good consistency 

between n and the PCN index for the data set with small ΣA, but not for the data set with large ΣA.  

Another interesting topic is the annual variation of the PCN index. It is claimed that the 

PCN index is not influenced by the Hall conductance [Stauning et al., 2008]. If this index 

responds to EK-R, then it still exhibits annual variation, since EK-R is generally smaller due to an 

enhanced Pedersen conductance. In fact, Lukianova et al. [2002] found that predominance of 

large PC index (PC > 12) is seen in winter hemisphere for extremely high levels of magnetic 
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activity. In a future study, one can simply examine the general annual variation of the PCN index 

to see whether this index is likely to be smaller in summer than in winter.   
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