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Abstract

Scientists continue to debate many questions about the beginnings of earthquakes.
At the single event scale, what processes go on in the earliest stages of rupture, and
do they depend on magnitude? At a large scale, what processes cause earthquakes
to occur when they do, and can foreshocks give insights into earthquake nucleation?

I begin by using short windows of seismic waveforms to examine the earliest parts
of earthquakes around the world. I find that the predominant period, average period,
and peak ground displacement scale with final magnitude even when calculated
in windows just one-third of the earthquake duration. Meanwhile, the integral of
the velocity squared scales with magnitude when calculated in windows just one-
tenth of the earthquake duration. I propose physical origins for these relationships.
These results suggest that small and large earthquakes begin differently and that
earthquakes are deterministic.

Next, I investigate the differences between small and large earthquakes using
source time functions (STFs), which show the time evolution of moment release. I
find that larger earthquakes release more moment even in very short, early windows
of time. I also find that STFs are generally complex with multiple peaks and have
several clear phases of rupture. These STF properties have important implications
for earthquake source modelling.

Finally, I investigate the extent to which earthquake-earthquake triggering can
explain foreshock occurrence on the Hikurangi subduction zone, New Zealand. I
compare new observations of seismicity to what is expected from an epidemic-
type aftershock sequence (ETAS) model. I find that ETAS models explain the
foreshock-to-aftershock ratio observed, but that the model underestimates the
absolute number of foreshocks and aftershocks we observe and does not reproduce
the power-law increase and decrease in seismicity we observe. Therefore, earthquake
nucleation must be more complex, with stochastic triggering mediated by fluid
flow or aseismic slip.



Contents

List of Figures xv

List of Tables xxi

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Scientific approaches to how earthquakes start . . . . . . . . . . . . 3

1.2.1 Key terms . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.2 Key questions . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.3 1960s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2.4 1970s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2.5 1980s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.6 1990s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.2.7 2000s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.2.8 2010s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.2.8.1 Studies of determinism . . . . . . . . . . . . . . . . 14
1.2.8.2 Studies of earthquake nucleation and foreshocks . . 17
1.2.8.3 Studies of source time functions . . . . . . . . . . . 19
1.2.8.4 Studies of lab seismicity . . . . . . . . . . . . . . . 21

1.2.9 2020s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
1.3 Aims and Contribution . . . . . . . . . . . . . . . . . . . . . . . . . 23

1.3.1 Chapter 3: Correlations between earthquake magnitude and
early features of rupture in a global dataset . . . . . . . . . 24

1.3.2 Chapter 4: Patterns in source time functions reflect variations
in earthquake magnitude and inversion approach . . . . . . . 25

1.3.3 Chapter 5: Using foreshocks to constrain earthquake nu-
cleation: comparing foreshock to aftershock ratios in the
Hikurangi subduction zone to results from ETAS . . . . . . 26

viii



Contents ix

2 A seismological primer 27
2.1 Wider definitions and context . . . . . . . . . . . . . . . . . . . . . 27
2.2 Seismological observations . . . . . . . . . . . . . . . . . . . . . . . 27

2.2.1 Elements of the seismic signal . . . . . . . . . . . . . . . . . 28
2.2.1.1 The Seismometer . . . . . . . . . . . . . . . . . . . 29
2.2.1.2 The Path . . . . . . . . . . . . . . . . . . . . . . . 32

2.2.2 Source Models . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.2.2.1 Moment-geometry scaling . . . . . . . . . . . . . . 33
2.2.2.2 Modelling the source . . . . . . . . . . . . . . . . . 34

2.2.3 Stress drop . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
2.2.4 Energy partitioning . . . . . . . . . . . . . . . . . . . . . . . 38
2.2.5 Self-similarity . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3 Determinism 42
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.2 Methodological background . . . . . . . . . . . . . . . . . . . . . . 46

3.2.1 Predominant Period . . . . . . . . . . . . . . . . . . . . . . 46
3.2.1.1 Previous results . . . . . . . . . . . . . . . . . . . . 47

3.2.2 Average Period . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.2.2.1 Historical Background . . . . . . . . . . . . . . . . 48
3.2.2.2 Previous Results . . . . . . . . . . . . . . . . . . . 49

3.2.3 IV2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.2.3.1 Previous Results . . . . . . . . . . . . . . . . . . . 50

3.2.4 Peak Ground Displacement . . . . . . . . . . . . . . . . . . 50
3.2.4.1 Previous Results . . . . . . . . . . . . . . . . . . . 51

3.3 Earthquake Durations . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.4 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.4.2 Phase Picking . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.4.3 Distance corrections for amplitude . . . . . . . . . . . . . . 54

3.4.3.1 Geometric spreading . . . . . . . . . . . . . . . . . 55
3.4.3.2 Attenuation . . . . . . . . . . . . . . . . . . . . . . 55

3.4.4 Azimuthal coverage and number of stations . . . . . . . . . . 55
3.4.5 A note on our approach . . . . . . . . . . . . . . . . . . . . 58

3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.5.1 Predominant period . . . . . . . . . . . . . . . . . . . . . . . 61

3.5.1.1 Correlation in different magnitude ranges . . . . . 61
3.5.1.2 Window length and magnitude range . . . . . . . . 64
3.5.1.3 Additional effects: Source-receiver distance . . . . . 64



Contents x

3.5.2 Average period . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.5.2.1 Correlation in different magnitude ranges . . . . . 64
3.5.2.2 Window length and magnitude range . . . . . . . . 65
3.5.2.3 Additional effects: Source-receiver distance and num-

ber of stations . . . . . . . . . . . . . . . . . . . . 65
3.5.3 IV2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.5.3.1 Correlation in different magnitude ranges . . . . . 66
3.5.3.2 Window length and magnitude range . . . . . . . . 66
3.5.3.3 Additional effects: Source-receiver distance and num-

ber of stations . . . . . . . . . . . . . . . . . . . . 66
3.5.4 Peak Ground Displacement . . . . . . . . . . . . . . . . . . 67

3.5.4.1 Correlation in different magnitude ranges . . . . . 67
3.5.4.2 Window length and magnitude range . . . . . . . . 67
3.5.4.3 Additional effects: Source-receiver distance and num-

ber of stations . . . . . . . . . . . . . . . . . . . . 67
3.5.5 Impact of pick uncertainty on results . . . . . . . . . . . . . 68

3.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.6.1 Predominant Period . . . . . . . . . . . . . . . . . . . . . . 70

3.6.1.1 Comparison with past results . . . . . . . . . . . . 72
3.6.2 Average period . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.6.2.1 Comparison with past results . . . . . . . . . . . . 73
3.6.3 IV2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.6.3.1 Comparison with past results . . . . . . . . . . . . 75
3.6.4 Peak Ground Displacement . . . . . . . . . . . . . . . . . . 75

3.6.4.1 Comparison with past results . . . . . . . . . . . . 76
3.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4 STFs 82
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.1.1 STF variation with magnitude . . . . . . . . . . . . . . . . . 86
4.1.2 The growth phase of STFs . . . . . . . . . . . . . . . . . . . 87
4.1.3 STF complexity . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.2 Different STF databases and their methods . . . . . . . . . . . . . . 89
4.2.1 SCARDEC . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.2.1.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . 90
4.2.1.2 Inversion method . . . . . . . . . . . . . . . . . . . 90

4.2.1.2.1 The SCARDEC product . . . . . . . . . . 91
4.2.1.3 Limitations . . . . . . . . . . . . . . . . . . . . . . 91

4.2.2 Sigloch . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92



Contents xi

4.2.2.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . 93
4.2.2.2 Inversion method . . . . . . . . . . . . . . . . . . . 93
4.2.2.3 Limitations . . . . . . . . . . . . . . . . . . . . . . 95

4.2.3 USGS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
4.2.3.1 Data and weightings . . . . . . . . . . . . . . . . . 96
4.2.3.2 Inversion method . . . . . . . . . . . . . . . . . . . 97
4.2.3.3 Comparisons and Limitations . . . . . . . . . . . . 98

4.2.4 Ye et al. (2022) . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.2.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.2.4.2 Inversion method . . . . . . . . . . . . . . . . . . . 99
4.2.4.3 Limitations . . . . . . . . . . . . . . . . . . . . . . 100

4.2.5 ISC-PPSM . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
4.2.5.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . 101
4.2.5.2 Inversion Method . . . . . . . . . . . . . . . . . . . 101
4.2.5.3 Limitations . . . . . . . . . . . . . . . . . . . . . . 103

4.2.6 Dataset statistics . . . . . . . . . . . . . . . . . . . . . . . . 104
4.2.7 Summary of advantages and disadvantages of each method . 107

4.3 Can we automatically define the end of an STF? . . . . . . . . . . . 108
4.4 Interrogating our STFs . . . . . . . . . . . . . . . . . . . . . . . . . 113

4.4.1 Are the median STFs of different magnitude groups similar? 113
4.4.2 Are there qualitative patterns in the normalised median STFs

with dataset or magnitude? . . . . . . . . . . . . . . . . . . 116
4.4.2.1 Average STF for each dataset . . . . . . . . . . . . 116
4.4.2.2 Effect of magnitude on the median STF . . . . . . 122

4.4.3 How are the early portions of moment released? . . . . . . . 124
4.4.3.1 Moment released in absolute windows of time . . . 124
4.4.3.2 Time to release absolute amounts of moment . . . 129

4.4.4 Does the timing of the maximum moment release vary sys-
tematically? . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
4.4.4.1 Comparing the maximum moment rate vs average

moment rate . . . . . . . . . . . . . . . . . . . . . 132
4.4.5 How do statistical measures of the STF vary? . . . . . . . . 134

4.4.5.1 Quantifying the shape of the STF: skew and kurtosis134
4.4.5.2 Trends in skew and kurtosis with depth and magnitude134

4.4.6 Are there patterns in STF complexity? . . . . . . . . . . . . 135
4.4.6.1 Quantifying complexity by fitting Gaussians . . . . 136
4.4.6.2 Events which require a single Gaussian to fit them 137
4.4.6.3 Patterns in complexity with magnitude . . . . . . . 138
4.4.6.4 Patterns in complexity with depth . . . . . . . . . 141



Contents xii

4.4.7 What geometry best fits an STF? . . . . . . . . . . . . . . . 142
4.4.7.1 Geometric fits to the overall median STF . . . . . 142
4.4.7.2 Effect of magnitude on STF geometry . . . . . . . 147

4.4.8 How are increments of moment released throughout an earth-
quake? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

4.5 Synthesising our observations to gain a physical insight . . . . . . . 150
4.5.1 STFs are complex and poorly fit with a single Gaussian . . . 150
4.5.2 Early STF characteristics vary with magnitude . . . . . . . 151
4.5.3 Median STFs are best fit with a trapezium model . . . . . . 152

4.5.3.1 Early moment-acceleration . . . . . . . . . . . . . . 153
4.5.3.2 Constant moment rate . . . . . . . . . . . . . . . . 154

4.5.4 Limitations and Future Work . . . . . . . . . . . . . . . . . 154
4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
4.7 Open Research Section . . . . . . . . . . . . . . . . . . . . . . . . . 157

5 Foreshocks 158
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

5.1.1 ETAS models . . . . . . . . . . . . . . . . . . . . . . . . . . 162
5.2 Mainshock and data selection . . . . . . . . . . . . . . . . . . . . . 163

5.2.1 Seismic data and earthquake catalogue . . . . . . . . . . . . 163
5.2.2 Identifying mainshocks . . . . . . . . . . . . . . . . . . . . . 165

5.3 Detection Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 165
5.3.1 Mainshock templates . . . . . . . . . . . . . . . . . . . . . . 165
5.3.2 Phase coherence calculation: Theory . . . . . . . . . . . . . 166
5.3.3 Phase Coherence Types and Detections . . . . . . . . . . . . 169
5.3.4 Detection thresholds and uncertainty . . . . . . . . . . . . . 170
5.3.5 Magnitude resolution . . . . . . . . . . . . . . . . . . . . . . 172

5.4 Patterns in phase coherence through time . . . . . . . . . . . . . . . 173
5.4.1 Inter-station Coherence . . . . . . . . . . . . . . . . . . . . . 174
5.4.2 Inter-component . . . . . . . . . . . . . . . . . . . . . . . . 174
5.4.3 Temporal patterns in foreshock and aftershock activity . . . 175

5.5 ETAS model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177
5.6 Foreshock:aftershock ratio . . . . . . . . . . . . . . . . . . . . . . . 179

5.6.1 Observations . . . . . . . . . . . . . . . . . . . . . . . . . . 179
5.6.2 Comparing observations and predictions . . . . . . . . . . . 180

5.6.2.1 Foreshock-aftershock ratio . . . . . . . . . . . . . . 180
5.6.2.2 Temporal patterns . . . . . . . . . . . . . . . . . . 183

5.6.3 Foreshocks and aftershocks per mainshock . . . . . . . . . . 183
5.7 Sequences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186



Contents xiii

5.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189
5.9 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192
5.10 Open Research Section . . . . . . . . . . . . . . . . . . . . . . . . . 193

6 Discussion and Conclusions 194
6.1 Aims and Contribution . . . . . . . . . . . . . . . . . . . . . . . . . 194

6.1.1 Chapter 3: Correlations between earthquake magnitude and
early features of rupture in a global dataset . . . . . . . . . 194
6.1.1.1 Reflection and review . . . . . . . . . . . . . . . . 194
6.1.1.2 Future Work . . . . . . . . . . . . . . . . . . . . . 196

6.1.2 Chapter 4: Patterns in source time functions reflect variations
in earthquake magnitude and inversion approach . . . . . . . 197
6.1.2.1 Reflection and review . . . . . . . . . . . . . . . . 197
6.1.2.2 Future work . . . . . . . . . . . . . . . . . . . . . . 198

6.1.3 Chapter 5: Using foreshocks to constrain earthquake nu-
cleation: comparing foreshock to aftershock ratios in the
Hikurangi subduction zone to results from ETAS . . . . . . 199
6.1.3.1 Reflection and review . . . . . . . . . . . . . . . . 199
6.1.3.2 Future work . . . . . . . . . . . . . . . . . . . . . . 200

6.2 What is next for earthquake mechanics? . . . . . . . . . . . . . . . 200
6.3 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 203

Appendices

A Supplementary Information for Chapter 3 206
A.1 Literature review . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206
A.2 Magnitude-Duration Scalings . . . . . . . . . . . . . . . . . . . . . 209
A.3 Data filtering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 210
A.4 Azimuthal Coverage . . . . . . . . . . . . . . . . . . . . . . . . . . 211

A.4.1 Azimuthal gaps . . . . . . . . . . . . . . . . . . . . . . . . . 214
A.5 Number of Stations used . . . . . . . . . . . . . . . . . . . . . . . . 217
A.6 Additional results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 232
A.7 Is the increase in scatter at M5 real? . . . . . . . . . . . . . . . . . 234
A.8 Correlations in different time windows . . . . . . . . . . . . . . . . 235
A.9 Impact of source-receiver distance and number of stations . . . . . . 242
A.10 Impact of shifting the pick times . . . . . . . . . . . . . . . . . . . 244
A.11 Keeping the relative duration of the window constant . . . . . . . . 250



Contents xiv

B Supplementary Information for Chapter 4 258
B.1 Ends . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 258

B.1.1 Early cut-offs . . . . . . . . . . . . . . . . . . . . . . . . . . 264
B.2 Median STFs by magnitude and dataset . . . . . . . . . . . . . . . 270
B.3 Absolute moment released in absolute time . . . . . . . . . . . . . . 276
B.4 Proportion of moment released in absolute time . . . . . . . . . . . 284
B.5 Absolute time to release absolute moment . . . . . . . . . . . . . . 287
B.6 Statistical attributes of STFs . . . . . . . . . . . . . . . . . . . . . . 290

B.6.1 Maximum moment rate vs average moment rate . . . . . . . 290
B.6.2 Skew and Kurtosis . . . . . . . . . . . . . . . . . . . . . . . 290

B.7 Average STFs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 297
B.8 Trapezium fits with magnitude . . . . . . . . . . . . . . . . . . . . . 297

C Supplementary Information for Chapter 5 308
C.1 Mainshock distribution . . . . . . . . . . . . . . . . . . . . . . . . . 308
C.2 Magnitude of Completeness . . . . . . . . . . . . . . . . . . . . . . 309
C.3 Uncertainty on Omori exponent . . . . . . . . . . . . . . . . . . . . 312
C.4 ETAS Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 315

C.4.1 Observed ratio using different background windows and declus-
tering windows . . . . . . . . . . . . . . . . . . . . . . . . . 316

C.4.2 Comparisons between ETAS and observed ratios . . . . . . . 316
C.4.3 Temporal patterns in ETAS foreshocks and aftershocks . . . 316
C.4.4 Comparison between ETAS and observed numbers of fore-

shocks and aftershocks per mainshock . . . . . . . . . . . . . 318
C.5 Phase coherence amplitudes vs magnitude . . . . . . . . . . . . . . 320

Bibliography 321



List of Figures

1.1 The three nucleation models described by Ellsworth and Beroza (1995). 7

2.1 Earthquake self-similarity . . . . . . . . . . . . . . . . . . . . . . . 40

3.1 Map of the earthquakes used in this study. . . . . . . . . . . . . . . 54
3.2 Rose diagram of azimuthal coverage by magnitude for τmax

p . . . . . 56
3.3 Histograms of the maximum azimuthal gap for τmax

p by magnitude. 57
3.4 Number of stations used in the calculation of τmax

p by magnitude. . 58
3.5 Parameters estimated from the early seismograms vs magnitude using

a 0.3 s window. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
3.6 The same data as in Figure 3.5 with least squares line of best fit added. 61
3.7 Statistics for analysis using a 0.3 s window. . . . . . . . . . . . . . . 62
3.8 As Figure 3.7 but using a 4 s analysis window. . . . . . . . . . . . . 63

4.1 Nine randomly selected example STFs from the catalogue we compile
(See Section 4.2 and 4.2.6). . . . . . . . . . . . . . . . . . . . . . . . 85

4.2 Proportion of events occurring in different combinations of STF
catalogue. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.3 Magnitude distribution of each dataset. . . . . . . . . . . . . . . . . 106
4.4 Normalised STFs of the 2010-02-05 southeast Indian Ridge M6.2

earthquake. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
4.5 Median STF for M ≥ 7 events calculated in M0.25 bins. . . . . . . 115
4.6 Median STFs calculated using all 5 datasets for M5–7.25 events. . 117
4.7 The first 3 s of moment-rate for the median STF of each magnitude

bin. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
4.8 Median normalised STF for each dataset’s STFs. . . . . . . . . . . . 119
4.9 Compiled median normalised STFs. . . . . . . . . . . . . . . . . . . 120
4.10 The median STF shape for M0.1 bins. . . . . . . . . . . . . . . . . 123
4.11 Absolute moment (Nm) released in first second of earthquake. . . . 125
4.12 Absolute moment (Nm) released in first second of earthquake for

each dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
4.13 As Figure 4.11 but for 3s. . . . . . . . . . . . . . . . . . . . . . . . 127
4.14 As Figure 4.12 but for 3 s. . . . . . . . . . . . . . . . . . . . . . . . 128

xv



List of Figures xvi

4.15 Time to release moment equivalent to a M4 earthquake vs final
earthquake magnitude. . . . . . . . . . . . . . . . . . . . . . . . . . 129

4.16 Time to release moment equivalent to 10% of a M6 earthquake vs
final earthquake magnitude. . . . . . . . . . . . . . . . . . . . . . . 130

4.17 The relative timing of the maximum moment rate for each earthquake.132
4.18 Violin plot of the timing of the maximum moment rate for different

depth bins of events. . . . . . . . . . . . . . . . . . . . . . . . . . . 133
4.19 Comparison of the number of Gaussians required to fit earthquakes

in different datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . 139
4.20 Mean number of Gaussians required to fit STFs from different datasets

in different magnitude bins. . . . . . . . . . . . . . . . . . . . . . . 143
4.21 Number of Gaussians required to fit STFs of different depths. . . . . 144
4.22 The median STF and the optimal fit of the five geometric models. . 145
4.23 The proportion of duration taken to release 10% increments of moment.149

5.1 Map of New Zealand with earthquakes and stations used in the study.164
5.2 A flowchart illustrating the phase coherence calculation. . . . . . . . 167
5.3 Result for 2019-10-19 earthquake . . . . . . . . . . . . . . . . . . . 170
5.4 Plots of detections in phase coherence through time. . . . . . . . . . 171
5.5 Log-log plots of foreshock and aftershock detections at two standard

deviations time relative to mainshock arrival. . . . . . . . . . . . . . 176
5.6 Posteriors of the ETAS parameters. . . . . . . . . . . . . . . . . . . 178
5.7 The foreshock-aftershock ratios found from our observations (blue)

and from ETAS models (yellow/brown) for all mainshocks. . . . . . 180
5.8 Workflow for investigating ‘observed’ and ‘predicted (expected)’

foreshock/aftershock ratios. . . . . . . . . . . . . . . . . . . . . . . 181
5.9 Difference in the observed and ETAS foreshock-aftershock ratio

accounting for uncertainty. . . . . . . . . . . . . . . . . . . . . . . . 184
5.10 Log-log plot of foreshock (blue) and aftershock (pink) detections

found from the ETAS models with time relative to mainshock arrival 185
5.11 The number of foreshocks and aftershocks per mainshock for our

observations and ETAS models . . . . . . . . . . . . . . . . . . . . 186
5.12 Histograms of detections of sequences for different time windows and

proportion of window filled. . . . . . . . . . . . . . . . . . . . . . . 187
5.13 A sequence detection . . . . . . . . . . . . . . . . . . . . . . . . . . 188

A.1 Duration-magnitude scalings based on different values of rupture
velocity and stress drop. . . . . . . . . . . . . . . . . . . . . . . . . 209

A.2 As Figure 3.2 but for τc. . . . . . . . . . . . . . . . . . . . . . . . . 211
A.3 As Figure 3.2 but for IV2. . . . . . . . . . . . . . . . . . . . . . . . 212



List of Figures xvii

A.4 As Figure 3.2 but for Pd. . . . . . . . . . . . . . . . . . . . . . . . . 213
A.5 As Figure 3.3 but for τc. . . . . . . . . . . . . . . . . . . . . . . . . 214
A.6 As Figure 3.3 but for IV2. . . . . . . . . . . . . . . . . . . . . . . . 215
A.7 As Figure 3.3 but for Pd. . . . . . . . . . . . . . . . . . . . . . . . . 216
A.8 As Figure 3.4 but for τc. . . . . . . . . . . . . . . . . . . . . . . . . 217
A.9 As Figure 3.4 but for τc. . . . . . . . . . . . . . . . . . . . . . . . . 218
A.10 As Figure 3.4 but for Pd. . . . . . . . . . . . . . . . . . . . . . . . . 219
A.11 As Figure 3.4 but calculated in a 0.5 s window. . . . . . . . . . . . 220
A.12 As Figure 3.4 but for τc calculated in a 0.5 s window. . . . . . . . . 221
A.13 As Figure 3.4 but for IV2 calculated in a 0.5 s window. . . . . . . . 222
A.14 As Figure 3.4 but for Pd calculated in a 0.5 s window. . . . . . . . . 223
A.15 As Figure 3.4 but for a 1 s window. . . . . . . . . . . . . . . . . . . 224
A.16 As Figure 3.4 but for τc calculated in a 1 s window. . . . . . . . . . 225
A.17 As Figure 3.4 but for IV2 calculated in a 1 s window. . . . . . . . . 226
A.18 As Figure 3.4 but for Pd calculated in a 1 s window. . . . . . . . . . 227
A.19 As Figure 3.4 but for a 4 s window. . . . . . . . . . . . . . . . . . . 228
A.20 As Figure 3.4 but for τc calculated in a 4 s window. . . . . . . . . . 229
A.21 As Figure 3.4 but for IV2 calculated in a 4 s window. . . . . . . . . 230
A.22 As Figure 3.4 but for Pd calculated in a 4 s window. . . . . . . . . . 231
A.23 As in Figure 3.5, but for a 0.5 s window. . . . . . . . . . . . . . . . 234
A.24 As in Figure 3.5, but for a 1 s window. . . . . . . . . . . . . . . . . 235
A.25 As in Figure 3.5, but for a 4 s window. . . . . . . . . . . . . . . . . 236
A.26 As Figure 3.6, but for a 0.5 s window. . . . . . . . . . . . . . . . . . 236
A.27 As Figure 3.6, but for a 1 s window. . . . . . . . . . . . . . . . . . . 237
A.28 As Figure 3.6, but for a 4 s window. . . . . . . . . . . . . . . . . . . 237
A.29 As Figure 3.6 but with only data from 2019. . . . . . . . . . . . . . 238
A.30 Violin plot of the distribution of predominant period values in 3

different magnitude groups. . . . . . . . . . . . . . . . . . . . . . . 238
A.31 Violin plot of the distribution of predominant period values for data

from M ≥ 5 earthquakes each year . . . . . . . . . . . . . . . . . . 239
A.32 As Figure 3.7, but for a 0.5 s window. . . . . . . . . . . . . . . . . . 240
A.33 As Figure 3.7, but for a 1 s window. . . . . . . . . . . . . . . . . . . 241
A.34 Minimum magnitude at which the data set significance is lost by

minimum source-receiver distance considered and the number of
stations used. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 243

A.35 As Figure 3.6, but for a 0.3 s window with the pick shifted by −0.1 s.244
A.36 As Figure 3.6, but for a 0.3 s window with the pick shifted by +0.1 s.245
A.37 As Figure 3.6, but for a 0.5 s window with the pick shifted by −0.1 s.246
A.38 As Figure 3.6, but for a 0.5 s window with the pick shifted by +0.1 s.247



List of Figures xviii

A.39 As Figure 3.6, but for a 1 s window with the pick shifted by −0.1 s. 247
A.40 As Figure 3.6, but for a 1 s window with the pick shifted by +0.1 s. 248
A.41 As Figure 3.6, but for a 4 s window with the pick shifted by −0.1 s. 248
A.42 As Figure 3.6, but for a 4 s window with the pick shifted by +0.1 s. 249
A.43 Distribution of the gradient of the line of best fit found between

predominant period and magnitude by window length. . . . . . . . 250
A.44 Distribution of the gradient of the line of best fit found between

predominant period and magnitude by proportion of duration seen. 251
A.45 As Figure A.43 but for τc. . . . . . . . . . . . . . . . . . . . . . . . 252
A.46 As Figure A.44 but for τc. . . . . . . . . . . . . . . . . . . . . . . . 253
A.47 As Figure A.43 but for IV2. . . . . . . . . . . . . . . . . . . . . . . 254
A.48 As Figure A.44 but for IV2. . . . . . . . . . . . . . . . . . . . . . . 255
A.49 As Figure A.43 but for Pd. . . . . . . . . . . . . . . . . . . . . . . . 256
A.50 As Figure A.44 but for Pd. . . . . . . . . . . . . . . . . . . . . . . . 257

B.1 Normalised STFs of the 2007-03-08 Izu Islands, Japan M6.1 earthquake.259
B.2 Normalised STFs of the 2008-01-06 Leonídio, Greece M6.2 earthquake.260
B.3 Normalised STFs of the 2012-09-30 San Agustín, Colombia M7.3

earthquake. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 261
B.4 Normalised STFs of the 2016-12-25 Quellón, Chile M7.6 earthquake. 262
B.5 The proportion of the total area (moment) which remains after the

STF end has been detected via method 3. . . . . . . . . . . . . . . 263
B.6 Normalised STFs of the 1992-07-20 07:46 Svalbard M6.6 earthquake. 265
B.7 Normalised STFs of the 1994-06-03 21:06 South of Java, Indonesia

M6.3 earthquake. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 266
B.8 Normalised STFs of the 1995-02-10 01:45 North Island, New Zealand

M6.3 earthquake. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 267
B.9 Normalised STFs of the 2001-07-04 17:47 Honshu, Japan M5.8

earthquake. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 268
B.10 Normalised STFs of the 2002-10-10 10:50 Irian Jaya Region, Indonesia

M7.5 earthquake. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 269
B.11 The median STF shape for M0.1 bins for the average SCARDEC

catalogue. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 270
B.12 As Figure B.11 but for the optimal SCARDEC catalog. . . . . . . . 271
B.13 As Figure B.11 but for the Ye catalog. . . . . . . . . . . . . . . . . 272
B.14 As Figure B.11 but for the USGS catalog. . . . . . . . . . . . . . . 273
B.15 As Figure B.11 but for the Sigloch catalog. . . . . . . . . . . . . . . 274
B.16 As Figure B.11 but for the ISC catalog. . . . . . . . . . . . . . . . . 275
B.17 Absolute moment (Nm) released in first two seconds of earthquake. 276



List of Figures xix

B.18 Absolute moment (Nm) released in first two seconds of earthquake
for each dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 277

B.19 As Figure B.17 but for four seconds. . . . . . . . . . . . . . . . . . 278
B.20 As Figure B.18 but for four seconds. . . . . . . . . . . . . . . . . . 279
B.21 As Figure B.17 but for five seconds. . . . . . . . . . . . . . . . . . . 280
B.22 As Figure B.18 but for five seconds. . . . . . . . . . . . . . . . . . . 281
B.23 As Figure B.17 but for ten seconds. . . . . . . . . . . . . . . . . . . 282
B.24 As Figure B.18 but for ten seconds. . . . . . . . . . . . . . . . . . . 283
B.25 Proportion of total moment (Nm) released in first second of earthquake.284
B.26 Proportion of moment released in first second of earthquake for each

dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 285
B.27 As Figure B.25 but for three seconds. . . . . . . . . . . . . . . . . . 285
B.28 As Figure B.26 but for three seconds. . . . . . . . . . . . . . . . . . 286
B.29 Plots of the data shown in Tables B.1–B.4. . . . . . . . . . . . . . . 287
B.30 Average moment-rate of each STF vs maximum moment-rate. . . . 290
B.31 Skew vs magnitude. . . . . . . . . . . . . . . . . . . . . . . . . . . . 291
B.32 Skew vs event depth. . . . . . . . . . . . . . . . . . . . . . . . . . . 292
B.33 Violin plot of skew for different datasets. . . . . . . . . . . . . . . . 293
B.34 Kurtosis vs magnitude. . . . . . . . . . . . . . . . . . . . . . . . . . 294
B.35 Kurtosis vs depth. . . . . . . . . . . . . . . . . . . . . . . . . . . . 295
B.36 Violin plot of kurtosis for different datasets. . . . . . . . . . . . . . 296
B.37 Median STF shape for M0.1 bins. . . . . . . . . . . . . . . . . . . . 297
B.38 The optimized models and the parameters which describe them. . . 298
B.39 The median STF for the SCARDEC_opt data, with the best fit

geometric models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 299
B.40 As Figure B.39 but for the SCARDEC_moy data. . . . . . . . . . . 300
B.41 As Figure B.39 but for the USGS data. . . . . . . . . . . . . . . . . 301
B.42 As Figure B.39 but for the Ye data. . . . . . . . . . . . . . . . . . . 302
B.43 As Figure B.39 but for the Sigloch data. . . . . . . . . . . . . . . . 303
B.44 As Figure B.39 but for the ISC data. . . . . . . . . . . . . . . . . . 304
B.45 Duration of the ramp before the best fit trapezium vs magnitude for

different datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 305
B.46 Duration of the top of the best fit trapezium vs magnitude for different

datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 306
B.47 Gradient of the ramp of the best fit trapezium vs gradient of the left

leg of the trapezium for different datasets. . . . . . . . . . . . . . . 307

C.1 Complete mainshock catalogue before declustering coloured by depth.309
C.2 Idealised Gutenberg-Richter, and Gutenberg-Richter with a tapered

magnitude of completeness. . . . . . . . . . . . . . . . . . . . . . . 310



List of Figures xx

C.3 A contour map of trade off between M1 and M2. Colour indicates
log N . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 311

C.4 Log-log plots of foreshock (blue) and aftershock (pink) detections for
100 bootstraps of the detection data. . . . . . . . . . . . . . . . . . 313

C.5 Histogram of the bootstrapped p value for foreshocks and aftershocks.314
C.6 Magnitude time series. . . . . . . . . . . . . . . . . . . . . . . . . . 315
C.7 As Figure 5.7 but for M4+ mainshocks. . . . . . . . . . . . . . . . . 316
C.8 As Figure 5.7 but for M3–4 mainshocks. . . . . . . . . . . . . . . . 317
C.9 Number of foreshocks and aftershocks from each run of the ETAS

simulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 317
C.10 As Figure 5.11 but for M4+ mainshocks. . . . . . . . . . . . . . . . 318
C.11 As Figure 5.11 but for M3–4 mainshocks. . . . . . . . . . . . . . . . 319
C.12 Phase coherence detection amplitudes vs magnitude of associated

events. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 320



List of Tables

3.1 Impact of shifting the pick on the magnitude at which significance is
lost. Window = 0.3 s. . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.2 Impact of shifting the pick on the gradient between the parameter
and earthquake magnitude. Window = 0.3 s. . . . . . . . . . . . . . 69

4.1 Weighting of different data sources in USGS inversion. . . . . . . . 97
4.2 Number of events and individual STFs in different magnitude bins. 104
4.3 Scaling relationships between the absolute moment in the first 1 and

3 s and the final moment. . . . . . . . . . . . . . . . . . . . . . . . 124
4.4 Number of events in each magnitude bin. . . . . . . . . . . . . . . . 137
4.5 Mean number of Gaussians to fit STF. . . . . . . . . . . . . . . . . 137

5.1 Observed and bootstrapped foreshock-aftershock ratios. . . . . . . . 179
5.2 Statistics of the distribution of the difference between the foreshock-

aftershock ratio calculated from ETAS and from observations. . . . 182

A.1 Review of previous studies. Unless otherwise specified N refers to
number of earthquakes included. . . . . . . . . . . . . . . . . . . . 207

A.2 Magnitude-duration comparisons. . . . . . . . . . . . . . . . . . . . 209
A.3 Filtering parameters used . . . . . . . . . . . . . . . . . . . . . . . 210
A.4 Percentage of variance explained by a linear least squares fit. . . . . 232
A.5 As A.4 but for SNR = 5. . . . . . . . . . . . . . . . . . . . . . . . . 233
A.6 The Spearman’s rank correlation coefficients for each of the parame-

ters, calculated for four ∆ti values: 0.3, 0.5, 1 and 4 seconds. . . . . 233
A.7 As Table 3.1 but for 0.5 s window. . . . . . . . . . . . . . . . . . . . 244
A.8 As Table 3.2 but for 0.5 s window. . . . . . . . . . . . . . . . . . . . 245
A.9 As Table 3.1 but for 1 s window . . . . . . . . . . . . . . . . . . . . 245
A.10 As Table 3.2 but for 1 s window. . . . . . . . . . . . . . . . . . . . . 245
A.11 As Table 3.1 but for 4 s window. . . . . . . . . . . . . . . . . . . . . 246
A.12 As Table 3.2 but for 4 s window. . . . . . . . . . . . . . . . . . . . . 246

B.1 Gradient of the relationship between the time to release some portion
of moment and earthquake magnitude. . . . . . . . . . . . . . . . . 288

xxi



List of Tables xxii

B.2 As Table B.1 but for y-intercept. . . . . . . . . . . . . . . . . . . . 288
B.3 As Table B.1 but for Spearman R-value. . . . . . . . . . . . . . . . 289
B.4 As Table B.1 but for Spearman p-value. . . . . . . . . . . . . . . . . 289

C.1 Foreshock:aftershock ratios for M ≥ 3 events. . . . . . . . . . . . . 316



1
Introduction

Contents
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Scientific approaches to how earthquakes start . . . . . 3

1.2.1 Key terms . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.2 Key questions . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.3 1960s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2.4 1970s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2.5 1980s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.6 1990s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.2.7 2000s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.2.8 2010s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
1.2.9 2020s . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

1.3 Aims and Contribution . . . . . . . . . . . . . . . . . . . 23
1.3.1 Chapter 3: Correlations between earthquake magnitude

and early features of rupture in a global dataset . . . . 24
1.3.2 Chapter 4: Patterns in source time functions reflect

variations in earthquake magnitude and inversion approach 25
1.3.3 Chapter 5: Using foreshocks to constrain earthquake

nucleation: comparing foreshock to aftershock ratios in
the Hikurangi subduction zone to results from ETAS . . 26

1.1 Motivation

The processes that cause the ground to shake during earthquakes have been of

fascination for centuries. The proposed explanations generally provide insights into

1
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the prevailing rationales of their time, as well as highlighting the insidious nature

of earthquakes in popular culture, from Shakespeare to manga.

For most of history, explanations for earthquakes centred on the divine. Many

cultures believed earthquakes resulted from mystical animals supporting or brushing

against the earth: weary Ashtadiggaja elephants in Hindu legend, twitching frogs

in the stories of Mongolian lamas, itchy jaguars in the tales of the Tzotzil people

of Mexico and attempts of a captured catfish to escape in Japan. Other cultures

instead look to God(s) as explanations: for the ancient Greeks an irritated Poseidon

was implicated, whilst Catholic Europe blamed heretics and adulterers for incurring

the wrath of God (Robinson, 2012). The Buddhist Taikyoku jishinki described

earthquakes as resulting from a blocking of the qi essence which balances the five

elements of fire, water, wind, space and earth; with this imbalance resulting from

people offending the kami (willful cosmic forces) (Smits, 2013). Others attributed

earthquake occurrence to the behaviour of other people: colonial theft of tribal

artefacts from the Yurok tribe, Korean immigration to Japan, and dynastic decline

in China (Agnew, 2002; Robinson, 2012; Needham and Wang, 1959).

Nowadays, most people accept a physical explanation for earthquakes, and you

would be forgiven for thinking this a modern development. In fact, within the

frameworks of the time, physical theories for earthquakes arose as early as the

sixth century BCE. Aristotle proposed earthquakes were essentially wind storms

inside the earth (following the ideas of classical Greek elements; Oeser, 1992).

He even developed the first classification scheme for earthquakes, based on the

direction of shaking. Since the 18th century, the ideas which are now used to

explain earthquakes have developed.

All these explanations speak to an intrinsic desire of humans from which we,

as modern seismologists, are not exempt: the desire to understand the world

around us. In this thesis, I seek to better understand the processes which occur

before and during earthquakes.
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1.2 Scientific approaches to how earthquakes start

I approach the titular question of ‘how do earthquakes start’ at two main scales.

Considering individual earthquakes, I want to understand what the initial stages

of earthquakes look like. More broadly, I want to understand what makes an

earthquake happen at a given time. Chapters 3 and 4 are dedicated to the former,

whilst Chapter 5 seeks to understand the latter.

1.2.1 Key terms

In the introduction that follows, I take many seismological terms as read. In Chapter

2, I outline some of the key theory that underpins the observations and modelling

outlined here and in the rest of my thesis, which many readers may already be

aware of. For now, I define two key terms.

Determinism When I ask what the initial stages of earthquakes look like, I

am particularly interested in whether early stages of rupture are characteristic of

the earthquake’s final magnitude. If small and large magnitude earthquakes are

fundamentally different in their earliest stages, then it can be said that earthquakes

are deterministic.

Nucleation I use nucleation to refer to the initial stages of rupture, and the

preparatory phases which may precede rupture.

1.2.2 Key questions

This thesis centres on three main questions:

1. Are the beginnings of large and small earthquakes different?

2. What controls slip evolution during earthquakes and are patterns in slip

evolution magnitude dependent?

3. Do foreshocks result solely from earthquake-earthquake triggering or do they

reflect a complex earthquake nucleation process?

In the past, many different approaches have been used to understand the

processes of earthquake nucleation and determinism. I will now attempt to motivate
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the central questions of this thesis by reviewing a majority of the work on these

topics since the 1970s. By approaching this section roughly chronologically, I hope

to illustrate the background and controversies which surround earthquake nucleation

and determinism and that motivate my current work. In Section 1.3, I will outline

the aims of each chapter of my thesis, in the context of the previous work discussed.

1.2.3 1960s

Significant research on seismicity happened in the 1960s and earlier, including the

paradigm shift that was plate tectonics. Many of these ideas like the Gutenberg-

Richter relation are now so fundamental that we take them as fact in introductory

seismology classes, and thus I do not review them here. There are two aspects of

research that I will briefly discuss here. Firstly, throughout the 1960s and earlier,

there was a significant body of statistical work undertaken which now underpins

much of our modelling of earthquake-earthquake triggering. However, at the time,

it had not yet found its home in the modelling of seismicity. Secondly, and of

particular relevance for the ideas I will come to, was the work of Haskell (1964), who

found that the energy radiated by earthquakes could be explained with relatively

short dislocation rise times. This implies that the slip at any given point on the

fault occurs in a short time frame compared to the total duration of the earthquake.

I will return to this idea over the coming decades of research.

1.2.4 1970s

Observing earthquakes is becoming ever easier, with improvements in instrumenta-

tion and our computational ability to process the large volumes of data inherent

in seismology. But in the 1970s (and indeed for several decades thereafter) most

studies focused on one or a few events, often spatially grouped. One of the

earliest observational analyses of the early stages of rupture occurred in 1974, when

Dziewonski and Gilbert (1974b) identified that two deep earthquakes experienced

compression before their abrupt onset. This was controversial (Geller, 1974;

Dziewonski and Gilbert, 1974a) but spurred a series of investigations over the
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following decades into the potential existence of a slow nucleation phase such as

Sacks et al. (1978). Kanamori and Anderson (1975) found that dislocation rise times

are relatively short compared to earthquake durations, agreeing with the models

of Haskell (1964) and Brune (1970). Brune (1970) had qualitatively proposed a

self-healing slip pulse model to explain the differences between apparent stress

drops calculated from seismic waves and static stress drops which measured the

overall stress change on the fault.

Concurrently with these observations, theoretical modelling efforts were more

conclusive that failure should begin with a period of slow, stable sliding in a small

area of the fault (Dieterich, 1978), though it was noted that anelastic attenuation

could make observed displacements more gradual than they actually are (Kanamori

and Anderson, 1977). Laboratory studies also began, allowing the simulation of

shear failure on real rocks (Dieterich, 1978), finding that seismic rupture may be

preceded by two or more phases of aseismic slip. By modelling rupture with a

constant rupture velocity and stress drop, Sato and Hirasawa (1973) found that

peak ground displacement should scale as the square of time. They also found

the spectral decay to be ω−2 at high frequencies.

By this point, the prevalence of foreshock activity before earthquakes had

been observed, providing a different insight into the earthquake nucleation process.

Jones and Molnar (1976) finding that 44% of M7+ events had teleseismically

recorded foreshocks. This matched short-time-scale small-spatial-scale observations

of earthquake precursors in laboratory experiments (Scholz, 1968).

1.2.5 1980s

In the 1980s, the efforts of the 1970s to search for an aseismic nucleation phase

continued. This included further modelling efforts (Das and Scholz, 1981; Dieterich,

1986) and laboratory studies (Ohnaka et al., 1986), which continued to predict

a slow nucleation phase.

At the same time, the development of the first early warning systems for

earthquakes had begun in Japan. Nakamura and Tucker (1988) proposed that the
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frequency content of the earliest portions of the waveform was indicative of the

final earthquake magnitude, and in doing so, proposed the predominant frequency

calculation, which would be fundamental to much of the work of the 2000s.

In 1988, Ogata reviewed several classes of statistical models for earthquake

occurrence and found that epidemic-type models provide the best fit to observed

seismicity. In this case, no extended nucleation is required to explain the observations.

Epidemic models (a specific case of which is denoted ETAS, see Chapter 5) are

essentially statistical earthquake-earthquake triggering models, where earthquakes

are modelled as point processes (Hawkes, 1971) with a magnitude dependent on

the triggering capability of earthquakes. Generally mainshocks are modelled as

Poisson processes (that is, independent and randomly located at a given rate

in time and space).

1.2.6 1990s

Heaton (1990) calculated time-dislocation histories of seven earthquakes and found

that rupture tends to be more pulse-like with short dislocation rise-times relative

to the duration of the earthquake. He proposed that large amplitude slip pulses are

difficult to stop and so ruptures that start more strongly are more likely to be able

to overcome stress barriers and thus to finish as larger magnitude events.

In 1995, Ellsworth and Beroza proposed three models for the nucleation phase of

earthquakes: self similar, pre-slip and cascade (Figure 1.1). In the self-similar model,

the area of the fault grows in time and with earthquake size. In the unbounded and

homogeneous case shown in Figure 1.1, this means that the rupture radius grows

linearly with time and leads to linear growth of the far-field velocity seismogram.

In this, no nucleation phase is expected. In the cascade model, the earthquake

is composed of several sub-events. The spontaneous occurrence of sub-event 1

eventually leads to the failure of area 2 (potentially with some delay), and the

rest of the fault then fails at time 3. All slip has the potential to be seismically

observed. In this, there is no difference between the early stages of large and

small earthquakes; a large earthquake occurs by chance in the cases that a small
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Figure 1.1: The three nucleation models described by Ellsworth and Beroza (1995).

earthquake triggers a cascade of increasingly larger slip events. On the other hand

in the pre-slip model, some portion of the fault is ‘prepared’ through an episode

of aseismic slip (pink region). Subevents 1 and 2 occur within this zone but at

time 3 the rupture breaks out of the preparation zone. In this, large and small

earthquakes may be distinguishable if their nucleation zones are of different sizes

(i.e. based on the size of subevents 1 and 2). Differentiating between the cascade

and pre-slip model is difficult using far-field seismograms.

Throughout the decade, a whole host of observations were made of the early

stages of earthquakes, looking for two main attributes: whether features of the onsets

of earthquakes scaled with magnitude, and for any evidence of a nucleation phase.

Umeda (1990) observed a two phase onset to M5+ magnitude earthquakes, where the

duration of the low-amplitude phase scaled with earthquake magnitude. This was one

of the first observations that suggested earthquake nucleation might be deterministic.

Conversely, Abercrombie and Mori (1994) found that the onsets of the M7.3 Landers

earthquake and one of its M4.4 aftershocks were similar, whilst Anderson and Chen
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(1995) found that M3–8 earthquakes in Mexico all had similar initiations.

Iio (1995) looked at microseismicity and observed that the far-field P wave

velocity pulse had a slow initial phase before undergoing more rapid acceleration.

These results were similar to Iio (1992) who found that the slow initial rise cannot

be explained by models with constant rupture velocity or kinematic friction, but is

instead best explained by a slip-weakening crack model. Ellsworth and Beroza (1995)

observed a delay between the initial P wave and the sudden increase in growth of

near-field velocity seismograms. On moment-acceleration curves, this appears as a

slow growth portion, which ruled out the self-similar case (Ellsworth and Beroza,

1995). Incorporating the results of Umeda (1990) and Iio (1995), Ellsworth and

Beroza (1995) observed a scaling between the radius of the nucleation zone and final

event magnitude, leading them to favour the pre-slip model. Umeda et al. (1996)

found a scaling between final earthquake moment and the time delay between the

initiation of rupture and the rupture of a ‘bright spot’ (Umeda, 1992). Dodge et al.

(1996) found that complex nucleation of the type observed by Ellsworth and Beroza

(1995) might arise from aseismic nucleation processes. However, Mori and Kanamori

(1996) again found that the initiation of the velocity waveforms was independent

of the magnitude of the earthquake and suggested that the curvature (slow initial

phase) observed by Ellsworth and Beroza (1995) could be explained by anelastic

attenuation. They also suggested that any seismically observable ‘precursory’

radiation must result from a source no larger than that which would cause a M0.5

earthquake and thus would not be observable with the instrumentation of the

time. Kilb and Gomberg (1999) found that the initial subevent of the Northridge

earthquake had similar waveforms to nearby small earthquakes and that these did

not scale with mainshock magnitude. Ellsworth and Beroza (1998) examined 5

events near Ridgecrest and found evidence for a seismic nucleation phase with a

magnitude independent rapid onset (agreeing with Mori and Kanamori (1996) and

disagreeing with Iio (1995) and Ellsworth and Beroza (1995)).

Beroza and Ellsworth (1996) examined source time functions and found a low-

moment acceleration nucleation phase, the duration of which scales with final event



1. Introduction 9

moment. Houston et al. (1998) also looked at source time functions and as expected

found that overall source duration scaled with magnitude. They also found that

shallow events tended to be longer than deep events, and that intermediate depth

events tended to be more asymmetric and unexpectedly complex compared to deep

events. Tanioka and Ruff (1997) produced a catalogue of source time functions of

255 moderate to great earthquakes from around the world.

During the 1990s, a number of groups also made creative efforts to computa-

tionally model the nucleation of earthquakes. Singh et al. (1998) used a composite

source model which essentially represents the cascade model of Ellsworth and Beroza

(1995). They found that a model of this type was able to capture the evolution

of the earthquake source, including a nucleation phase which scales with final

earthquake moment similar to the observations of Umeda et al. (1996), Ellsworth

and Beroza (1995) and Beroza and Ellsworth (1996). They suggested that the various

nucleation phases observed may represent the rupture of the first subevent, whilst

the rapid increase in velocity amplitude may represent the rupture of the largest

subevent. Meanwhile, Steacy and McCloskey (1998) used a ‘heterogenous cellular

automaton’ to find that the final magnitude of the earthquake depends on local

stress heterogeneities on the fault, rather than intrinsic differences between large

and small earthquakes. Finally Sato and Kanamori (1999) modelled rupture arrest

using the Griffiths’ failure criterion and found this did not support a magnitude

dependent nucleation phase, similar to the findings of Deichmann (1997).

Foreshocks continued to be observed throughout the 1990s and were used to probe

the existence of a nucleation phase. Foreshocks were found to be expected from a rate-

and-state model framework (Dieterich, 1994) tuned using laboratory observations

(Marone, 1998), and their statistics continued to be analysed (Abercrombie and

Mori, 1996). Studies of individual foreshock sequences found that foreshocks seem

to cluster near structural discontinuities and may directly result from aseismic

nucleation processes (Dodge et al., 1996). Defining the nucleation region using the

foreshock sequences, Dodge et al. (1996) also found that the size of the nucleation

region scaled with final earthquake magnitude. However, this nucleation region
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continued to be difficult to detect aseismically, such as by using strainmeters

(Johnston et al., 1990, 1994; Abercrombie et al., 1995).

1.2.7 2000s

Kanamori and Mori (2000) modelled cascade nucleation using percolation processes

and suggested that it might be possible to quantify how close a region of fault is to

its critical state. They proposed that fluid flow in the crust might be associated with

earthquake precursors like foreshocks. Brodsky and Kanamori (2001) suggested

that the large variation in scaled rupture energy between big and small earthquakes

might result from a thin layer of high pressure viscous fluid on the fault. This

elastohydrodynamic lubrication could also lead to reduced high-frequency radiation

content when measured more than a few meters away from the fault.

Meanwhile, the observational focus had largely turned to whether measurements

of the early portions of waveforms were indicative of the final magnitude of

earthquakes. These parameters had potential for use in earthquake early warning

which was by this time operation in Japan, Taiwan and Mexico. Nakatani et al.

(2000) found that the P wave amplitude scales with final earthquake moment even

in very short windows where the P wave is still accelerating for all events. They used

synthetic seismograms to see if this result could be reproduced if the source time

function grew magnitude-independently but anelastic attenuation was accounted

for (following Mori and Kanamori, 1996), and could not produce results consistent

with all observations. However, a model with size-dependent growth rate was able

to match the observations. Allen and Kanamori (2003) investigated 53 earthquakes

in California (M3–7). They built on the work of Nakamura and Tucker (1988)

to define the predominant period parameter (τmax
p ). The predominant period is

expected to scale with magnitude because small magnitude events are expected to

slip on a small patch and thus to release higher-frequency energy compared to larger

magnitude events that slip on larger patches. As predicted, they observed a positive

relationship between final magnitude and τmax
p measured in windows of 2 and 4 s

after the P wave arrival. Allen (2003) found a similar relationship and began to
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develop attenuation corrections to allow the application of τmax
p in early warning.

Kanamori (2004) formulated a non-recursive measure of the average period of a

waveform, τc, and found that this too scaled with magnitude when calculated in

windows of 3 s, and showed no sign of saturation with M > 7. Dynamic rupture

modelling by Lapusta and Rice (2003) found that moment acceleration in the early

stages of seismic propagation varied, similar to the observation of Ellsworth and

Beroza (1995), but that at least part of this variation is explained by heterogeneous

stress on the fault. This heterogeneity arises from previous small events and by

the concentration of stress by fault creep.

In 2005, Olson and Allen incited debate when they presented their analysis of

71 earthquakes from around the world using τmax
p . They found a clear relationship

between τmax
p and magnitude when the parameter was calculated in a 4 s window.

They also found a relationship between magnitude and the time taken to reach

the maximum τp value, although this was weaker. This showed that measurements

taken in windows less than one-tenth of the earthquake duration were still predictive

of final magnitude (Olson and Allen, 2005, Figure 3b). Lockman and Allen (2005)

found similar results using single station measurements of Californian earthquakes.

Meanwhile, Wu and Kanamori (2005a) and Wu and Kanamori (2005b) extended

the work of Kanamori (2004) using τc and a new parameter, the peak ground

displacement (Pd), on earthquakes in Taiwan. They found a relationship between

magnitude and both τc and Pd but with a significant degree of scatter.

So far, there had generally been consensus that these early seismogram pa-

rameters scale with final event magnitude. However, Rydelek and Horiuchi (2006)

investigated M6+ events in Japan and found no relationship between final magnitude

and τmax
p . They claimed that there is a break in scaling around M5.5 in the results

of Olson and Allen (2005), and at higher magnitudes the relationship is statistically

dubious. Using a sample containing more large earthquakes, they concluded that

τmax
p does not scale with magnitude. There were also some concerns about the

stability of the τmax
p parameter (Wolfe, 2006; Shieh et al., 2008). Wolfe (2006)

found that the parameter gives increased weighting to higher amplitudes and
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frequencies, and so averaging τp over stations does not give a true average of the

frequency content of an earthquake.

Meanwhile Wu and coauthors continued their previous work by analysing

earthquakes in Southern California and found scalings between magnitude and τc,

Pd and τmax
p (Wu et al., 2006; Wu and Zhao, 2006). Zollo et al. (2006) found that

Pd in a 2 s window after the P wave scales with magnitude without saturation

for earthquakes in the Mediterranean. However, Rydelek et al. (2007) disagreed

and used accelerometer records from Japan to argue for a plateau in Pd at M5.5.

In their response, Zollo et al. (2007) used the same database as Rydelek et al.

(2007) to argue that Pd in a 2 second window does saturate, but not until around

M6.5, and measurements in a 4 s window show no saturation. Lockman and Allen

(2007), Tsang et al. (2007), and Wurman et al. (2007) all continued to lend credence

to the use of τmax
p as a predictor for final event magnitude in both subduction

zone and transform fault environments. At the same time, Wesnousky (2006)

used geological observations to suggest that the underlying fault structure is the

predominant control on final earthquake magnitude. He found that fault steps

often serve to stop earthquake rupture with fault steps accounting for the end

of two-thirds of strike-slip earthquakes.

Perhaps spurred on by the debate between Zollo et al. (2006) and Rydelek

et al. (2007), in 2008 attention primarily moved to Japan. Shieh et al. (2008),

Wu and Kanamori (2008a) and Wu and Kanamori (2008b) found relationships

between τc, τmax
p and Pd with no evidence of saturation, whilst Lancieri and Zollo

(2008) found a saturation at M6.5 when Pd was calculated in a 2 s window. Festa

et al. (2008) were perhaps the first to explore the integral of the velocity squared

(IV2) and found that this too scaled with magnitude, as did the ratio P 2
d /IV 2.

They found some evidence of IV2 calculated in a 4 s window saturating at around

M5.8. IV2 is related to the energy radiated by an earthquake. Relatedly, Nielsen

(2007) proposed based on observations that the ultimate size of an earthquake is

determined by its initial energy budget, agreeing with Heaton (1990). τc was used

in real-time earthquake early warning tests in California (Bose et al., 2009) and
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Taiwan (Hsiao et al., 2009). Shieh et al. (2008) proposed combining τc with τmax
p to

reduce uncertainty on estimated magnitude and add robustness against filtering

choices, particularly in comparison to using only τmax
p .

In 2009, Allen et al. attempted to use τmax
p and Pd in a real-time simulation for

earthquake early warning in California and were able to successfully detect and

determine the magnitude of two M5.4 earthquakes. The algorithm used was called

ElarmS. Since California (thankfully) does not have many large magnitude events,

Brown et al. (2009) tested the ElarmS algorithm in Japan and continued to find

scalings between τmax
p and Pd and magnitude, although the relationship between

Pd and magnitude was stronger than between τmax
p and magnitude. Pd was also

used in real-time earthquake early warning testing in California (Bose et al., 2009),

Taiwan (Hsiao et al., 2009), Turkey (Fleming et al., 2009) and Italy (Lancieri and

Zollo, 2008). Through numerical simulations, Murphy and Nielsen (2009) found

that peak ground displacement scales with magnitude for ruptures less than four

times the size of the initial asperity, but plateaued for larger events.

Following Houston et al. (1998), work in the 2000s also continued on source time

function features. Houston (2001), Persh and Houston (2004) and Tocheport et al.

(2007) all analysed the geometries and statistical features of source time functions,

such as the kurtosis, but did not investigate how these features scaled with magnitude

(only with depth). In 2006, Sigloch and Nolet proposed a new method to produce

source time functions for tomography based on matched-filter deconvolution.

Thinking about earthquake nucleation, Helmstetter and Sornette (2003) and

Felzer et al. (2004) were both able to explain foreshock occurrence solely through

earthquake-earthquake triggering. On the other hand, Liu and Rice (2007) proposed

that earthquake nucleation and consequent foreshocks result from the interaction

of pore-fluid pressure changes with the accelerating fault. McGuire et al. (2005)

found elevated seismic activity (∼foreshocks) before large earthquakes on the

East Pacific Rise.
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1.2.8 2010s

As with most fields, there was an explosion of research on earthquake nucleation

and determinism in the 2010s. Thus I consider four subtopics in turn: determinism,

nucleation, source time functions and lab seismicity.

1.2.8.1 Studies of determinism

As the 2010s began, development of the ElarmS earthquake early warning algorithm

continued with real-time testing in California and offline testing in Japan using τmax
p

and Pd (Brown et al., 2011). Lancieri et al. (2011) analysed events in Chile using

IV2, Pd, τc and τmax
p and found that these parameters scaled with magnitude but

that the relationship was influenced by the type of seismometer used (accelerometer

vs velocity). In contrast to Lancieri and Zollo (2008), who found that Pd saturated

at M > 5.8, Lancieri et al. (2011) found a relationship between Pd and magnitude

even though they only considered M6+ earthquakes. Peng et al. (2013) similarly

found scalings between magnitude and all four of the parameters I have discussed

thus far: τc, IV2, Pd, and τmax
p . Kuyuk and Allen (2013) explored the best distance

normalisation for Pd to correct for geometric spreading and found this was R1.38

rather than the R2 we might usually use for geometric spreading. They also looked at

the ratio between peak ground displacement and peak ground acceleration (Pd/Pv)

and found this scaled with magnitude. For earthquakes shorter than the window

duration, they found that τmax
p does not scale with the final magnitude.

Following Abercrombie and Mori (1994), it was found that the foreshocks of

the 2011 Tohoku earthquake looked similar to the mainshock (Hoshiba and Iwakiri,

2011; Colombelli et al., 2012). Similar results were found for the 2008 Wenchuan

earthquake in a paper that was retracted for plagiarism but for which the results

still stand (Peng et al., 2014). Colombelli et al. (2012) attempted to use Pd and τc

measurements to estimate the final magnitude of the Tohoku earthquake and arrived

at an estimate of M8.4. However, this estimation required ∼ 50 s of waveform.

Gabriel et al. (2012) used dynamic rupture simulations to show that small changes

in background stress or the earthquake nucleation size can result in earthquakes with
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very different rupture styles (e.g. rise time, rupture speed, complexity and stability),

and thus that these cannot be an intrinsic indicator of final event magnitude.

Goldsby and Tullis (2011) showed that flash heating (and thus weakening) play an

important role in the pulse-like model of earthquake rupture. Noda and Lapusta

(2013) found that earthquake ruptures can propagate through creeping segments

meaning that these do not always present a barrier to propagation. Whilst this

result does not directly impact determinism, it lends credence to the ideas of

Heaton (1990) and Nielsen (2007) in that final earthquake size is controlled by the

initial energy budget. Relatedly, Bizzarri (2011) modelled earthquake rupture using

two different friction laws (idealized, linear slip-weakening (SW) and a rate-and-

state-dependent friction law) and found the key factor that influences observable

metrics (e.g. stress drop, peak slip velocity) was the fracture energy budget. This

suggests that seismically distinguishing different models of rupture is difficult if

they are energetically identical.

Colombelli et al. (2014) found that Pd measured in short time windows scales

with final magnitude, but that this scaling is more rapid for small events than

large. This suggests that there may be some intermediary between the pro- and

anti- saturation camps.

Most earthquake early warning systems rely on determining source properties

(e.g. magnitude) using early portions of the seismogram. Hoshiba and Aoki (2015)

suggested that early warning alerts could instead solely be based on ground motion.

Meier et al. (2016) found that rupture onset, as measured by Pd, is magnitude

independent by using very near-source records (hypocentral distance less than 25

km). They attribute previous workers’ results to using more distant recordings,

where the onsets no longer correspond to direct P waves (Aki and Richards, 2009),

and to averaging across stations. They also found that there is a distinct change in

Pd growth rate around 0.1–0.2 s with a switch from Pd ∝ t∼3 to Pd ∝ t∼3/2. Neither

of these are explained by a simple self-similar crack model with constant rupture

velocity (e.g. Sato and Hirasawa, 1973). They suggest that these may reflect the non-

instantaneous acceleration of rupture velocity to its steady state value (Deichmann,
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1997; Sato and Kanamori, 1999) or may simply result from anelastic attenuation,

and that the scaling at the source may always follow Pd ∝ t∼3/2 but sometimes

appears to be Pd ∝ t∼3. This latter idea is similar to that proposed by Mori and

Kanamori (1996). However, the change in scaling may also be a true observation,

in line with observations by Umeda (1990), Iio (1995) and Ellsworth and Beroza

(1995). This idea of a slow onset was further explored by Noda and Ellsworth

(2016) who measured the time at which the (P wave) amplitude transitions from

being similar (≈self-similar), to dependent on magnitude. They call the time at

which this transition takes place relative to the P wave arrival, the delay-time (Tdp).

They see that the absolute displacement, and the average absolute displacement for

magnitude-hypocentral distance bins increase systematically after the P wave onset,

until a point, at which they begin to slowly decrease. The time between the P wave

arrival and the time at which these parameters start to decrease is called Tdp.

Calculating Tdp on the average absolute displacement, rather than individual

records, removes the effect of radiation pattern and directivity, which would

otherwise affect the value of Tdp differently at each station, and thus makes the

resulting relationship more robust. This essentially accounts for much of the concern

of Meier et al. (2016) whilst still allowing averaging, since different hypocentral

distance recordings are kept separate.

As delay time defines some change in the rupture, Noda and Ellsworth (2016)

therefore suggest that it is important to consider the delay time in selecting the

time window to use in our other calculations (e.g. τp). If the time window used

to calculate τp is less than Tdp, τp saturates at higher magnitudes (e.g. Lancieri

et al., 2011, in Chile). This is because the full period of the ‘fast’ growth of the

rupture is not sampled for the largest events. Conversely, if the time window used

is longer than Tdp, τp appears to ‘bottom out’, as the slower growing section begins

to be sampled (e.g. Kuyuk and Allen, 2013).

In an argument against determinism, but remaining somewhat positive for early

warning, Leyton et al. (2018) found that using longer windows of measurement

results in better magnitude estimates for earthquake early warning. Trugman et al.
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(2019) measured peak ground displacement and found that peak ground displacement

scales with magnitude when the measurement window is more than ∼ 1/3 of the total

earthquake duration. In shorter windows, Pd is found to be magnitude independent.

1.2.8.2 Studies of earthquake nucleation and foreshocks

In 2018, Cattania et al. compared static coulomb-stress-based physics models for

earthquake forecasting to empirical statistical models (ETAS) during the 2010–2012

Canterbury, New Zealand, earthquake sequence. They found that Coulomb-based

models give comparable forecasts compared to ETAS, but that a combined physics-

statistical model performs better. They also find that a locally tailored ETAS model

with aftershock zones based on the local fault geometry provides an improvement

over traditional ETAS models. Cattania et al. (2018) did not model the influence

of fluid flow. Cochran et al. (2018) looked at injection induced seismicity and

found that pore-fluid pressure changes were important close to the wells but that

earthquake-earthquake triggering was important further from the injection source.

Yoon et al. (2019) found that foreshocks of the Hector Mine earthquake can

be explained through earthquake-earthquake triggering, whilst van den Ende and

Ampuero (2020) found that very few earthquakes have foreshocks at all, with just

18% of foreshock sequences in Southern California being unexplained by background

seismicity. This was in contrast with Trugman and Ross (2019) who looked in the

same region and found that 72% of mainshocks have foreshocks. Bouchon et al.

(2013) found that large magnitude events in the North Pacific were preceded by an

increase in seismic activity, whilst Kato et al. (2016) found the same in Kyushu,

Japan. Chen and Shearer (2016) found that foreshocks largely result in response to

regional tectonic stresses and fault zone properties. Considering seismicity clusters

of different magnitudes, they found that 66% of large magnitude clusters have

foreshocks, whilst 30% of small magnitude clusters go on to lead to large clusters.

Bouchon et al. (2011) found that the İzmit earthquake was preceded by a 44-

minute long seismic signal emanating from the hypocentre, with repetitive seismic

bursts (foreshocks) and increased low-frequency seismic noise. The slip accelerated
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further just before the mainshock. In contrast, Ellsworth and Bulut (2018) found

that no aseismic slip is needed to explain the 44-minute long foreshock sequence

observed. They argue that the foreshock geometry lends credence to earthquake-

earthquake triggering being at play, since the events form a systematic sequence from

west to east towards the mainshock hypocentre. However, this linear progression

could also result from fluid flow or aseismic slip propagating in a single direction.

Tape et al. (2018) found foreshock sequences in Alaska which may have resulted

from a propagating aseismic front. Chen and Shearer (2013) analysed foreshock

sequences of three M > 7 mainshocks in southern California. They found that

the sequences were similar to swarms in their magnitude-time patterns and their

spatial migration of seismicity. The foreshock sequences also have lower stress drops

than the corresponding aftershock sequences. Chen and Shearer (2013) interpret

these observations to suggest that foreshock sequences are a result of aseismic

transients close to the mainshock hypocentres.

Brodsky (2011) found that the spatial density of foreshocks in Southern California

can be explained solely by earthquake-earthquake triggering. They did observe a

much lower foreshock-aftershock ratio than predicted by earthquake-earthquake

triggering encapsulated in an ETAS model, but suggest that this could have arisen

from catalogue incompleteness. Shearer (2012) modelled foreshock and aftershock

occurrence assuming that the increased triggering power of larger magnitude events

is exactly compensated for by their decreased numbers (α = b). They found

a foreshock-aftershock ratio which is too high to be explained by earthquake-

earthquake triggering following B̊ath’s Law (on average the difference between the

magnitude of the mainshock and the largest aftershock should be 1.2 magnitude

units) and a higher absolute number of aftershocks per mainshock than expected.

This suggests that earthquake-earthquake triggering is not a primary control on

space-time clustering of seismicity or that triggering self-similarity breaks down at

small magnitudes. They also observe a lower b-value than expected for aftershocks,

but this could arise from catalogue incompleteness (Hainzl, 2013; Shearer, 2013).

Seif et al. (2018) performed a statistically rigorous analysis of foreshock occurrence
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in California and Italy, and found more foreshocks than expected by ETAS model

which fit the regional aftershock observations well (α = 0.05).

1.2.8.3 Studies of source time functions

The 2010s had a rush of different source time function inversion methods developed.

Vallée et al. (2011) developed an automated deconvolutional approach to determine

seismic moment magnitude and source time functions of large earthquakes without

imposing assumptions about the rupture process, a dataset known as SCARDEC.

Meanwhile Stähler and Sigloch (2014) derived empirical orthogonal functions from

the source time functions produced by Sigloch and Nolet (2006) and used these

as the basis functions for source time function production. Ye et al. (2016b) and

Hayes (2017) both produced finite fault models using teleseismic observations from

which they extracted source time functions.

Meier et al. (2017) looked at the average source time function for different

magnitude bins and observed that the median source time function, and the median

normalised source time function both have a fairly regular (similar) behaviour

in all magnitude groups. This suggests that M ≥ 7.25 earthquakes all evolve

similarly, and that there are no intrinsic differences between major and great

earthquakes. However, Meier et al. (2017) note that the smallest magnitude bin

(M7) shows a slower initial growth rate than the other bins (M ≥ 7.25), which they

suggest may result from lower certainty of source inversions in the first 10 s. Meier

et al. (2020b) defined four conceptual models for rupture predictability: strong,

moderate, weak and none. ‘Strong’ rupture predictability, allows final magnitude

determination at times less than 10% of the earthquake duration (e.g. Nakatani

et al., 2000; Ellsworth and Beroza, 1995; Beroza and Ellsworth, 1996; Olson and

Allen, 2005)). ‘Moderate’ predictability allows for magnitude determination between

one-tenth and one-third of the full rupture duration (Melgar and Hayes, 2017, 2019;

Danré et al., 2019). In ‘weak’ rupture predictability, magnitude estimates are

only possible between one-third and half of the full rupture duration (e.g. Meier

et al., 2017; Trugman et al., 2019).
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Melgar and Hayes (2019) looked for a ‘growth phase’ of the source time

function. They calculated the average moment-acceleration over the first 1–20

s of source time functions, linearly interpolating between the moment-rate at zero-

time and the moment-rate at the time in question. They found that at very short

times (1–2 s) there is only a weak correlation between moment-acceleration and

magnitude. However, once 5 s of rupture has passed, they find a clear log-linear

relationship between moment-acceleration and magnitude. They propose that this

is a representation of a two-stage rupture-initiation process in which the rupture

initially nucleates and events of different final magnitudes are indistinguishable. At

some later point, the rupture organises itself into a slip pulse, and this slip pulse has

different properties depending on the final magnitude of the event. This suggests

that earthquakes are moderately deterministic. Meier et al. (2020b) disagreed with

the findings of Melgar and Hayes (2019), for two main reasons. The first is that the

linear interpolation approach to understand the growth of the source time function

is only valid where the time of interest is growth phase, which is unlikely for the

longest time window (20 s) and the smallest magnitude events. The second is that

the set of source time functions used by Melgar and Hayes (2019) is biased towards

unusually long source time functions. Meier et al. (2020b) therefore repeat the

analysis of Melgar and Hayes (2019) using only source time functions that have

durations close to the expected duration and find that there is a qualitative scaling

between the final magnitude and the interpolated moment-acceleration before the

peak moment-rate is reached. They repeat this with synthetic source time functions

based on a simple self-similar crack model (quadratic growth, maximum moment-

rate at half-duration), and find that this scaling is no longer evident. They therefore

propose that earthquakes are, at most, weakly deterministic but that source time

functions may not be able to reliably resolve event onsets.

Danré et al. (2019) quantified the complexity of SCARDEC source time functions

and found that larger earthquakes tend to have more complex source time functions.

In general, they find that M < 7 earthquakes have fewer sub-events than major

M ≥ 7 events, suggesting that earthquakes are moderately deterministic. Larger
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earthquakes have more and larger sub-events, opposing earthquake self-similarity.

They also found that strike slip earthquakes have a stronger relationship between

source time function complexity and magnitude, perhaps due to the constraint

of the seismogenic width. Liu et al. (2023) would go on to find that strike-slip

events tend to be more complex than dip-slip events.

1.2.8.4 Studies of lab seismicity

Throughout the 2010s, there were a number of advances in the generation and

measurement of so-called labquakes, primarily through the analysis of acoustic

emissions (AEs). Johnson et al. (2013) identified AEs in a sheared granular material,

and found that AE precursors to larger stick-slip events occurred when the material

was still dilating but the macroscopic frictional stress was no longer increasing.

Meanwhile Goebel et al. (2013) simulated many seismic cycles on a lab fault and

found that b-values varied in a way that correlated with stress on the fault. McLaskey

and Kilgore (2013) found a localised aseismic slip zone in the centre of their lab

fault, whilst the ends of the fault remained locked. High frequency foreshocks

occurred in this slowly-slipping zone and the number of foreshocks depended on

the shear-stressing rate, with more foreshocks occurring when loading was rapid.

McLaskey and Lockner (2014) compared precursory AEs (foreshocks) to stick-slip

events (mainshocks). They found that the first few microseconds look the same,

but then stick-slip events rapidly grow until they rupture the whole fault.

A number of workers have attempted to use supervised and unsupervised machine

learning to predict the timing and magnitude of labquakes. This builds on the

observations of Latour et al. (2013) and Harbord et al. (2017) who found evidence

for complex, two-stage nucleation in labquakes. Rouet-Leduc et al. (2017) predicted

the time to failure based on a low amplitude signal that was previously thought

to be noise but was in fact some kind of precursor. Bolton et al. (2019) and

Bolton et al. (2020) were able to predict the timing and magnitude of lab quakes

using the statistics of AEs. However, it is unclear to what degree these laboratory

results translate to natural earthquakes.
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1.2.9 2020s

Many of the early seismogram parameters were developed and tuned for earthquake

early warning (e.g. Serdar Kuyuk et al., 2014; Kohler et al., 2018; Chung et al.,

2019), but an important aspect of early warning is testing how well the warning

zones correlate with regions of high intensity ground shaking. Minson et al. (2021)

found that most ground motion results from earthquakes up to two magnitude units

smaller than expected, even considering cases of very strong shaking. This suggests

that M < 7 earthquakes are an important component of providing adequate warning

of ground motion. Meanwhile, Meier et al. (2020a) conducted a mock-test of early

warning in Japan and found that only 40–60% of areas that experienced strong to

extreme ground motion would have received at least 5 s of early warning.

So far, every study looking at the relationship between early parameters of

seismograms and magnitude has either found a positive relationship (higher values

of parameters at larger magnitudes, e.g. Olson and Allen, 2005), a magnitude

independent relationship (e.g. Rydelek and Horiuchi, 2006), or some combination

(saturation at high magnitudes (e.g. Trugman et al., 2019) or bottoming out at

lower magnitudes (e.g. Kuyuk and Allen, 2013)). However, Colombelli et al. (2020)

found that larger events have lower values of Pd in the first second. Colombelli

et al. (2020) attribute the difference between their results and Trugman et al.

(2019) to several factors including variation in pick times and the spacing of Pd

calculations, but do not provide explanations of discrepancies with other previous

work (e.g. Colombelli et al., 2014).

Cochran et al. (2020) looked at clusters of seismicity induced by fluid injection.

They found that the number of foreshocks was comparable to the number of

aftershocks, but that the foreshock sequence was longer in duration than the

aftershock sequence. Verdecchia et al. (2021) found that the change in pore-fluid

pressure required to trigger earthquakes was less than 0.1 MPa. Slightly differently

to Cochran et al. (2018), they found that a combination of pore-fluid and earthquake-

earthquake triggering explained seismicity close to wells, whilst at far distances

seismicity was explained by static Coulomb stress transfer. Cochran et al. (2023)
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looked at a natural fluid-induced swarm and found that the largest earthquake

occurred where there was significant fault complexity and high roughness. This is

in line with the proposal of Wesnousky (2006) who suggested that the underlying

fault structure is the predominant control on final earthquake magnitude.

Differentiating between the pre-slip and cascade models for foreshock occurrence

remains a challenge (Ellsworth and Beroza, 1995; Gomberg, 2018). Cattania and

Segall (2021) ran 2-D quasi-dynamic, elastic simulations of frictionally uniform

faults following rate-state friction. They found that foreshocks and mainshocks

both result from the failure of locked asperities, but mainshocks preferentially

start on stronger asperities. In their simulations, foreshocks can be explained by

a combination of static stress changes and pre-slip (creep), caused by episodic

seismicity occurs on neighbouring asperities. This then causes aseismic slip to

accelerate, loading other asperities and leading to further foreshocks. They did

not incorporate fluids into their model.

Dresen et al. (2020) found that the rupture preparation phase of labquakes was

detectable over long timescales and involved both AEs (foreshocks) and aseismic

deformation (pre-slip). Bolton et al. (2021) found that the b-value of lab seismicity

decreased as the fault approached failure, with this potentially resulting from

fault slip acceleration. They also found that fault dilation leading to increased

porosity resulted in larger foreshocks and a lower b-value. Song and McLaskey

(2024) found that labquakes that were stopped or slowed by velocity-strengthening

fault sections are closer to natural earthquakes than standard complete rupture

events. This would suggest a low degree of determinism, since it would imply

that most earthquakes are artificially stopped and thus cannot have intrinsically

known their final magnitude early on.

1.3 Aims and Contribution

What is most apparent from reviewing so much of the earthquake-nucleation

literature from the past half-century is the remaining level of disagreement on

almost every topic. In particular, it remains unclear the extent to which earthquakes
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are deterministic (that is, how different the earliest stages of big and small

earthquakes are) and to what extent foreshock occurrences can be explained by

earthquake-earthquake triggering. These discrepancies are difficult to disentangle

from differences between studies. Many studies use small cherry picked datasets

from a few regions of the world. Where studies have focussed on determinism,

they have generally been focussed on the potential for application of the results for

earthquake early warning, but have lacked curiosity about the physical processes

that underpin these observations. Meanwhile, studies of foreshocks have often

focussed on the relatively simple surrounds of southern California. Whilst this can

be a good region to consider the potential impact of aseismic slip, it does not pose

a natural testing ground for the role of fluids in earthquake nucleation.

I will now outline the structure of the rest of my thesis and highlight how I

build on the findings and weaknesses of previous analyses to contribute to our

understanding of earthquake nucleation and determinism. In each chapter I seek

to address a few specific aims, which I outline before providing more detail on

the novelty of my approach.

1.3.1 Chapter 3: Correlations between earthquake magni-
tude and early features of rupture in a global dataset

Aim 1 Collate a dataset of M ≥ 3 earthquakes from around the world using an

internally consistent approach. Calculate four parameters (predominant

period, average period, peak ground displacement, integral of the velocity

squared) on short windows of the seismograms.

Aim 2 Test whether these early features of seismograms are predictive of final

earthquake magnitude, and if so, the relative duration of the window in

which these features are required to be measured.

Aim 3 Pose physical explanations for our observations of early seismogram

parameters which can be input into earthquake models.
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The work in this chapter builds upon parameters which have previously been

discussed in the context of determinism. By using a large, global dataset of

earthquakes, I will be able to rigorously statistically evaluate the ability of these

parameters to determine earthquake magnitude in windows shorter than the

earthquake duration. Much of the previous work using these parameters has used

windows of calculation which are long relative to the duration of moderate magnitude

earthquakes. For work which seeks to establish differences between major and great

earthquakes, this is not a problem. However, I seek to probe physical differences in

the earliest stages of M ≥ 3 earthquakes, and thus must use much shorter windows,

and understand the relative durations of these windows. This will allow me to

quantify the strength of any deterministic relationships, that is, the proportion of the

earthquake that needs to have been measured before magnitude can be determined.

1.3.2 Chapter 4: Patterns in source time functions reflect
variations in earthquake magnitude and inversion
approach

Aim 1 Collate source time functions from five different databases of source time

functions that are based on different inversion approaches.

Aim 2 Identify and quantify source time function features and test whether these

scale with earthquake magnitude.

Aim 3 Examine the impact of dataset (and thus inversion method and assump-

tions) on source time function characteristics.

Compared to waveform-based determinism studies, there have been fewer studies

of how source time function features scale with magnitude. However, this does

not mean that these observations are without contention. Much of the criticism

surrounds whether the source time functions used in the studies are a biased subset

of the dataset, and indeed whether source time functions can reliably resolve the

early stages of rupture. I therefore pose a broader question, whether any features of

source time functions, not just early ones, are indicative of earthquake magnitude,
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other than the obvious candidates of absolute moment release and total source

duration. To provide an insight into the robustness of these features, I will use

five datasets found via different inversion approaches. Features which appear in

the results from multiple datasets are more likely to be a true representation of

the earthquake source processes.

1.3.3 Chapter 5: Using foreshocks to constrain earthquake
nucleation: comparing foreshock to aftershock ratios
in the Hikurangi subduction zone to results from
ETAS

Aim 1 Make new observations of foreshocks and aftershocks around M ≥ 3

earthquakes on the Hikurangi subduction zone, New Zealand.

Aim 2 Analyse temporal patterns in the detected foreshocks and aftershocks

in the hour around M ≥ 3 mainshocks.

Aim 3 Compare the foreshock-aftershock ratio and absolute numbers of foreshocks

and aftershocks between the observations and ETAS simulations.

Whether earthquake occurrence is best explained by simple earthquake-earthquake

triggering driven nucleation or more complex extended external processes driven

nucleation remains disputed. There are two main candidates for this potential

physical process: aseismic slip or fluid flow. So far, most of our observations of

earthquake nucleation have occurred in regions with infrequent-to-no fluid flow.

The Hikurangi subduction zone is known to have both episodic slow slip events

that release significant moment (≈ MW 7), and spatially and temporally variable

fluid flow. This makes it an excellent testing ground for more complex nucleation

processes. A main limitation of our ability to study earthquake nucleation is having

high-resolution detections of low magnitude earthquakes. I will use a relatively new

method to detect small earthquakes around M ≥ 3 mainshocks, and apply a novel

statistical approach to correcting for background seismicity and false detections, to

allow me to detect smaller magnitude events. I can then compare the observations

to an ETAS simulation to understand whether more complex nucleation is at play.
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2.1 Wider definitions and context

A number of fundamental seismological theories and observations underpin much

of the work in this thesis.

2.2 Seismological observations

For most of history, records of earthquakes rely on (1) the earthquake having been

felt by people and (2) an enduring record being made of these observations. Chinese

writings record every moderate and large earthquakes which occurred in China

since 780 BCE, whilst Japanese records stretch back to 416 CE and are complete

since 1600 CE. Records of earthquakes in the Mediterranean and Aegean exist

27
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since about 300 CE, with some allusions in classical Greek, biblical and Arabic

writings dating back to 1700 BCE (Bolt, 1999).

The first advance towards modern seismology came when, in 132 CE, Chinese

scientist Zhang Heng developed a seismoscope which was able to record shaking

when it was imperceptible to humans (Agnew, 2002; Needham and Wang, 1959).

The seismoscope eventually developed into the seismometers we know today, which

have been deployed in over 90% of countries.

The second advance, and arguably the inception of modern seismology occurred

after the 1755 Lisbon earthquake, which provided amongst other things, evidence

of ground motion at great distances (Agnew, 2002).

During the course of this thesis, we will make use of both of these advances:

in trying to understand the physics of earthquakes, we will use recordings of

earthquakes made at distance.

2.2.1 Elements of the seismic signal

When we record a signal at a seismometer, the signal is not a simple, direct

representation of the earthquake. Instead, it has incorporated additional features

in the journey it has taken to arrive at the seismometer, and in the process of

being recorded. We call the first of these the ‘path effect’ and the second the

‘instrument response’. In this section, we will discuss these aspects which interfere

with our ability to directly image the source, and we will return to the the source

itself in the following section.

We denote the earthquake source signal x(t) which is then modified by path

effects, e(t) and q(t), and the instrument response, i(t). We can then write an

equation for the displacement seismogram at time (t) as a convolution,

u(t) = x(t) ∗ e(t) ∗ q(t) ∗ i(t). (2.1)

It is often more helpful to work in the frequency domain, and so 2.1 can equivalently

be written as the product of Fourier transforms of the four factors

U(ω) = X(ω)E(ω)Q(ω)I(ω) (2.2)
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(Stein, 2005).

2.2.1.1 The Seismometer

Modern seismometers work through a process of electromagnetic induction: a

magnet is attached to a mass which moves proportional to the ground motion.

When the magnet moves through a coil of wire an electrical current is induced

which is again proportional to the motion it experiences. Seismometers are better

at recording signals at some frequencies than others, and this is encapsulated in the

instrument response. Generally, instruments are designed to have a flat response

over a certain frequency range, but by applying an instrument correction, it is

possible to use data outside of this range.

To better understand the origins of the frequency-dependent instrument response,

we begin by denoting the vertical Earth displacement as u(t) and the displacement

of the mass (m) as z(t), both relative to their rest positions. We assume that the

seismometer case does not move in relation to the Earth’s surface and thus that

the absolute displacement of the mass is given by the sum of u(t) and z(t). We

henceforth drop the explicit mention of the dependence of u and z on t.

The motion of the mass is opposed by a spring, and by Hooke’s law we can

write that the force opposing the displacement of the mass (Fs) is given by

Fs = −kz (2.3)

where k is the spring constant.

Most seismometers are damped using a dashpot to avoid excessive oscillations

near the resonant frequency of the instrument. A dashpot is essentially a piston

in a viscous fluid and the damping force Fd which results is given by

Fd = −Dż, (2.4)

where the damping constant, D, depends on the specifics of the dashpot.
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From Newton’s second law and substitution,

Fs + Fd = ma (2.5)

−kz + −Dż = m
d2

dt2 [u(t) + z(t)] , (2.6)

and rearranging we find

z̈ + D

m
ż + k

m
z = −ü. (2.7)

If we define the resonant frequency of the un-damped (D = 0) system as w0, we

can write w2
0 = k/m. We also define a damping parameter, ϵ, such that 2ϵ = D/m.

We can now re-write equation 2.7 as

z̈ + 2ϵż + ω2
0z = −ü, (2.8)

which may seem unnecessary at the moment, but it is helpful to build intuition

for ϵ and ω0 as we move into the frequency domain. This equation shows that the

Earth’s acceleration can be found from the mass displacement.

We now move into the frequency domain, since we would like to know how

seismometers report different frequencies of ground motion. We can write u(t)

as a harmonic using complex numbers

u(t) = U(ω)e−iωt, (2.9)

and we can do similarly for z(t). We substitute these frequency-domain relations

into equation 2.8 and divide by the common factor of e−iωt, and find

−ω2Z(ω) + 2ϵiωZ(ω) + ω2
0Z(ω) = ω2U(ω). (2.10)

Finally, we can rearrange to find the factor Z(ω) which relates Z(ω) to U(ω),

Z(ω) = ω2

ω2
0 − 2ϵiω − ω2 U(ω) (2.11)

= Z(ω)U(ω), (2.12)
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where Z(ω) is the frequency-response function of the sensor, and it is this that

controls how different frequencies of signal are recorded by the seismometer. We

can further subdivide Z(ω) into amplitude and phase response components,

Z(ω) = A(ω)eiϕ(ω). (2.13)

By controlling the relative strength of the damping compared to the stiffness

of the spring (i.e. ϵ vs ω0), we can design seismometers which are tuned for

different frequencies.

One complication in understanding the frequency response arises from the fact

that seismometers can measure displacement, velocity or acceleration of the sensor

mass, and equally we can be interested in the displacement, velocity or acceleration

of the Earth’s surface. These need not directly map (i.e. an acceleration sensor

can be used to look at displacement). Each time derivative serves to enrich the

signal in high-frequency energy (since it introduces a factor of −iω). The frequency

response is flat over a wide frequency band in two cases: (1) when the instrument

and parameter of interest are the same (e.g. a velocity seismometer being used to

measure velocity), and the frequency is high (ω ≫ ω0) or (2) when a displacement

seismometer is used to look at ground acceleration and the frequency is low.

Where I directly use seismic waveforms, these are measured at short-period

and broadband seismometers which are suited to recording high-frequency body

wave arrivals. Broadband seismometers are designed to have a very flat frequency

response over a broad range of frequencies, whilst short-period instruments are only

suited for high-frequency measurements (above the microseism). Some of the source

time functions that I use in Chapter 4 are calculated using long-period instruments

which are good for low frequencies but are more expensive to produce.

In the course of processing seismic data, we must apply various filters to remove

unwanted ‘noise’ signals. In particular, we often want to remove the noise resulting

from water waves interacting, which we call the microseism. The microseism, and

the similar phenomenon of the ‘hum’, are found between 0.003 and 1.0 Hz. For most

of our analysis then, we high-pass filter above 1 Hz. In some analyses we also want
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to remove the highest frequencies using a low-pass filter. The highest frequencies

signals we can observe are given by the Nyquist frequency, which is half the sampling

rate. Thus for 100 Hz data, the highest frequency signals that are recorded are 50 Hz.

2.2.1.2 The Path

The two components of the path effects e(t) and q(t) represent two different physical

processes, elastic and anelastic respectively.

The e(t) incorporates two main aspects: (1) geometric spreading and (2) the

‘scattering’ attenuation effect of reflections and conversions. Geometric spreading

arises from the conservation of energy: consider a spherical (body-wave) wavefront

moving away from a deep earthquake (to avoid the need to consider interactions

with the free surface) in a homogeneous medium. Energy is conserved on the

spherical wavefront and the area of a sphere is A = 4πr2. Thus as the waves move

further away from the source, and r increases, the energy per unit area decreases as

1/r2 and the amplitude decays as 1/r. In reality the earth is not homogeneous, and

the amplitude depends on focussing of the rays by the velocity structure. Surface

waves are not particularly dealt with in this thesis, but the geometric spreading

term follows 1/r for energy in this case.

Conversions and reflections also impact the amplitude of the wavefront. When a

P wave is incident on a boundary, mode conversions occur which results in reflected

and transmitted (refracted) P and S waves. The relative amplitudes of these four

waves are given by the Zoeppritz equations:


RP
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 =


− sin θ1 − cos ϕ1 sin θ2 cos ϕ2
cos θ1 − sin ϕ1 cos θ2 − sin ϕ2

sin 2θ1
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ρ2V 2
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ρ1V 2
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− cos 2ϕ1
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sin 2ϕ1
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ρ1VP 1

cos 2ϕ2 − ρ2VS2
ρ1VP 1

sin 2ϕ2


−1 

sin θ1
cos θ1
sin 2θ1
cos 2ϕ1

 ,

(2.14)

where RP , RS, TP , and TS, are the reflected and transmitted P and S wave

amplitude coefficients respectively, and where θ1 is the angle of incidence, θ2 is

the angle of the transmitted P wave, ϕ1 is the angle of reflected S wave and ϕ2

and angle of the transmitted S wave (Zoeppritz, 1919).
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Meanwhile q(t) parametrises anelastic attenuation, in which some of the mechan-

ical energy of the wave is converted and lost. Primarily, this energy is converted to

heat energy. This is what stops the Earth from oscillating constantly due to all past

earthquakes. A range of mechanisms are required to explain anelastic attenuation at

different length scales. At the crystal scale, these include point defects, line defects,

dislocations and inclusions. In polycrystalline materials, grain boundaries become

important, and at larger scales, cracks and fluids are important (Pujol, 2003). We

quantify attenuation in a given location using the inverse of the quality factor,

Q = 1
attenuation . Q is (weakly) frequency dependent, particularly above 1 Hz (e.g.

Anderson et al., 1977). Attenuation is spatially and temporally variable, making it

difficult to correct for. Work which has mapped attenuation features is generally at a

regional or smaller scale, and can sometimes, but not always, disentangle the effects

of intrinsic (anelastic) attenuation from scattering (elastic) attenuation. Maps of

Q−1 can be produced using perturbation theory, coda wave tomography or ambient

noise tomography (Ranjan and Konstantinou, 2020; Cabrera-Pérez et al., 2024).

The path effect is unique for each station-receiver pair. However much we like

to model the earth as a homogeneous half-space, it is in fact not homogeneous,

and anisotropy has a significant impact on the seismic recordings we make. In

this, wave speeds vary as a function of azimuth. At short time-scales, directivity

is also important, as faults do not rupture instantaneously. This is comparable to

the Doppler effect. It is therefore important to record earthquakes from a range

of azimuths where possible to quantify and minimise directional effects.

2.2.2 Source Models
2.2.2.1 Moment-geometry scaling

Much of this thesis centres on whether there are differences between large and

small earthquakes. For small ruptures, earthquakes can be modelled as growing

circularly, and thus

M0 ∼ µ∆σr3. (2.15)
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At some point the rupture grows large enough that it is constrained in one dimension

and the rupture begins to grow roughly rectangularly. In this case, the slip can be

determined by either L or W (e.g. Scholz, 1982). In the former case,

M0 ∼ µ∆σLW 2, (2.16)

and in the latter,

M0 ∼ µ∆σWL2. (2.17)

2.2.2.2 Modelling the source

For small sources, far from the observer, we can use a simple point source model. In

this case, the moment-tensor source time function hides the details of the rupture

process. However, for larger earthquakes or at near source distances, it is important

to account for the rupture propagation and fault geometry. Therefore we turn

to finite fault models. These look to explain the timing, speed and amplitude

of the slip on each part of the fault.

Dislocation models treat the earthquake source as a instantaneous slip on the

fault. An example is the Haskell (1964) model, which defines the slip s at time t as

s(t) =


0 t < 0
Dt
T

0 < t < T

D T > t,

(2.18)

where D is the final slip and T is the rise time. The physical realism of these models

depends on the slip distribution specified. For instance, the Haskell model results

in a spatial slip discontinuity at the edge of the fracture zone. At high-frequencies,

the Haskell model is no longer physical (Madariaga, 1978).

A commonly used model is the Brune model (Brune, 1970). This is actually a

point source model. It treats the rupture as a circular crack with instantaneous slip

initiation and an exponential slip decay. This makes it suitable for fitting far-field

displacement observations. It is also possible to model more complex earthquakes

as the sum of many Brune displacements.
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Crack-like models consider the rupture as an expanding crack. The rupture

starts at a point and expands as rupture continues. Slip continues on all parts of

the fault which have ruptured. The Madariaga (1976) model uses a non-infinite

rupture velocity (and thus non-instantaneous slip) which means it is more physically

realistic than the Brune model.

It is often informative to look at different models in the frequency domain (ω).

The Brune model predicts a flat displacement spectrum (related to the moment)

at low frequencies and a falloff as ω−2 at high frequencies. This ω−2 decay is

the nucleation phase. The point at which the ω−2 decay begins is the corner

frequency. ω−2 decay can also result from other models that have a finite slip

duration, constant rupture velocity and smooth STF.

However, it does not make sense for the fault rupture to stop abruptly. The com-

pact, far-field results of Sato and Hirasawa (1973) arise from considering a circularly

growing fault which suddenly stops when the radius reaches the final radius. This

violates causality because the centre of the fault cannot instantaneously know to stop.

Therefore other models introduce a stopping phase. For example, Molnar et al.

(1973) model a fault where the rupture nucleates at the centre and grows rapidly in

all directions at a constant velocity. Once the rupture reaches the maximum size,

the rupture then contracts back to the centre at the same velocity. This model

uses a ramp function to model slip at all locations, whilst Boatwright (1980) finds

that the ramp model is only appropriate at the crack centre and the slip model

should follow a square-root rise at other points. The stopping phase causes a sudden

change in far-field displacement proportional to square-root time, and the spectral

density for displacement has a high-frequency fall off asymptotic limit as ω−3/2

(and as ω−1 in the fault normal direction). This stopping signal dominates the

fall off at high frequencies. However, the model of Molnar et al. (1973) decays as

ω−2 to ω−3 depending on the direction. Theoretically, a stopping phase of this

type should follow ω−5/2 as there is an additional linear dependence of the slip

function on the distance from the crack tip. Similarly, Madariaga models produce

a decay which is closer to ω−3 than ω−2.
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Some models even produce ω−3. This steeper fall off may result from shorter

slip durations (e.g. pulse like rupture) or the rupture stopping more abruptly

and thus producing a stopping phase.

In a pulse-like rupture, as the rupture propagates, each part of the fault only

slips for a short time. This can be considered as the fault healing behind the rupture

front. This model matches many real earthquake observations better than crack

models. It is often associated with rate-and-state friction or thermal pressurization

effects that cause rapid weakening and healing.

2.2.3 Stress drop

Describing the earthquake size through the seismic moment, and equivalently

magnitude (MW ), does not allow us to disentangle the amount of slip from the size

of the fault area that slips. An earthquake in which a large amount of slip occurs on

a small fault, looks the same in this framework as an earthquake which slips a large

fault by a small amount. However, the former will cause much more stress to the

surrounding fault. Thus we turn to quantifying the change in shear stress on a fault

due to a given earthquake, which we term the stress drop. The stress drop, ∆σ is

given by the surface integral of the difference in stress on the fault (S) between t1

before the earthquake and t2 after the earthquake, normalised by the area, A:

∆σ = 1
A

∫
S
[σ(t2) − σ(t1)]dS. (2.19)

In the ideal case of a circular fault with radius r in a homogenous half-space,

Eshelby (1957) found an analytical solution such that

∆σ = 7πµs̄
16r

= 7M0

16r3 , (2.20)

where s̄ is the average slip. For strike-slip motion on a shallow rectangular fault

of length L and width w where w ≪ L,

∆σ = 2µs̄
πw

= 2M0

πw2L
, (2.21)
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(Knopoff, 1958). In a general case, we can write that

∆σ = c
M0

L3 = cM0

A3/2 , (2.22)

where c varies depending on fault shape and rupture direction (Brune, 1970). We

choose to write the equation for stress drop in terms of the seismic moment, since

seismological observations alone are most able to determine M0. But we also need to

know the fault dimensions in order to estimate the stress drop. This is particularly

a problem for small earthquakes, since for large (and shallow) earthquakes we can

use the surface rupture and aftershock studies.

How then to determine the fault geometry for smaller earthquakes or those with

no surface rupture and few aftershocks? In this case, we generally estimate fault

dimensions from far-field seismological observations, in particular the frequency

spectra. This approach works because even very complex waveforms tend to have

relatively simple spectra (Abercrombie, 2021). We previously discussed different

models of fault rupture, and their resulting spectra in Section 2.2.2.

Brune (1970) proposed the first quantitative approach to estimating the stress

drop using the ω−2 model. Applying this model, Brune showed that the corner

frequency fc is inversely proportional to the source radius. For a circular fault

r = kβ

fc

, (2.23)

where r is the source radius, β is the shear wave velocity and k is a factor which

depends on the source model, fault geometry and rupture velocity used (e.g. Kaneko

and Shearer, 2014, 2015). Considering the two earthquakes with the same moment

that we previously discussed, the one which has a smaller area but higher slip

will have a higher corner frequency and assuming the propagation factors are

unaltered, higher ground velocities and ground accelerations will result (and thus

the earthquake is likely to be more damaging; Abercrombie, 2021).

For a circular fault, we can then arrive at an equation for the stress-drop which

does not require direct parametrisation of the fault geometry,

∆σ = 7
16

(
fc

kβ

)3

M0, (2.24)
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which comes from the substitution of equation 2.23 into equation 2.20. This

relationship means that stress drop can be solely found from the earthquake

spectrum: M0 from the low-frequency portion and fc

kβ
from the high frequency

portion. We call this approach a ‘Brune-style’ stress drop, regardless of any

deviations from Brune’s original approach. Whilst we no longer rely on our ability

to estimate fault-geometry, our estimates of ∆σ are now very sensitive to changes in

the assumed theoretical model (which affects k and the assumed rupture velocity),

since ∆σ depends on the cube of the fc

kβ
term. For example, using the Brune (1970)

model leads to stress drops five times larger than those found using a Madariaga

(1976) model. A key difference between these two models is the rupture velocity,

with Brune assuming vr = ∞ whilst Madariaga assumed vr = 0.9β.

2.2.4 Energy partitioning

The total energy released by an earthquake is not directly measurable. Some energy

is radiated as seismic waves, which we measure as the radiated seismic energy, ER.

However, some of the energy is used to fracture the rock (the fracture energy, EG)

and yet more is used to overcome the friction on the fault (frictional energy, EF ). The

radiated and fracture energy can be determined seismically, but the frictional energy

depends on the absolute stress on the fault and thus is very difficult to measure.

The total energy released in an earthquake is given by

E = 1
2(σ1 + σ2)sA, (2.25)

where σ1 is the initial stress and σ2 is the final stress. As before, s is the slip on

the fault and A is the fault area. This is usually approximated as

E = σ̄s̄A = 1
2∆σs̄A + σ2s̄A, (2.26)

where the first term is equal to the sum of the radiated and fracture energies whilst

the second term is equal to the frictional energy.

A simple model of an earthquake is given by the Orowan model, where the

stress on the fault instantaneously drops from σ1 to σ2. In this case, EG = 0,
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and the stress drop is given by,

∆σOrowan = 2ER

DA
= 2µER

M0
= 2µẽ, (2.27)

where ẽ = ER/M0 is the scaled energy, which relates the radiated energy to the

moment. The Orowan stress drop is a lower bound on the true stress drop.

In reality, we do not expect the stress on the fault to drop instantaneously. One

model of the evolution of stress on the fault is the slip-weakening model, where the

stress drops from σ1 to σ2 over a critical slip distance DC . In this case,

1
2∆σsA = EG + ER = ∆σ

2µ
. (2.28)

The ratio of ER to EG is quantified by the radiation efficiency, ηR

ηR = ER

ER + EG

. (2.29)

The stress on the fault may follow a complex trajectory, including rising above

σ1 early on in rupture (the yield stress), or for the stress state of the fault ending

at a value above or below σ2 (undershoot and overshoot). In crack-like ruptures,

overshoot can result from a high-rupture velocity rupture arresting (no longer

propagating) whilst other parts of the fault continue to slip (e.g. Madariaga, 1976).

Higher rupture velocities lead to lower values of ηR, following

ηR = 1 − g(vr), (2.30)

where g(vr) is a model specific function that depends on the specific crack model

used and the ratio of vr to the Rayleigh or shear-wave velocity. The radiation

efficiency is distinct from the seismic efficiency (η) which describes the fraction

of total energy which is radiated into seismic waves.

2.2.5 Self-similarity

Earthquake self-similarity refers to the idea that earthquakes of different magnitudes

are scaled versions of the same process. In this case, the physical processes that

govern them would be scale-invariant. Self-similarity may be evident in a range of
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Figure 2.1: Earthquake self-similarity can be apparent in a number of ways. The top
panels show two earthquakes where the larger, orange rupture has is scaled by b compared
to the smaller blue rupture. This results in a scaling of the far-field displacement pulse
(middle panels) and the spectrum (bottom panel). See text for more details. After Prieto
et al. (2004). Not to scale.

observations. In Figure 2.1, we consider a rupture with length-scale L and area A.

We also consider a larger rupture, which is scaled by b, such that Llarge = bLsmall. The

area of this larger rupture is then Alarge = b2Asmall. The moment of the larger rupture

is M large
0 = b3M small

0 . In the far field, the displacement pulse which results from the

larger rupture will be b-times wider and the amplitude of the pulse will be increased

by b2. The recorded displacement pulse of the larger earthquake, u∗, is given by

u∗(t) = b2u(t/b), (2.31)

where u(t) is the displacement pulse of the smaller earthquake.

In the frequency domain, self-similarity means that the earthquake spectra are

scaled relative to each other. The corner-frequency is magnitude dependent but

the spectral fall-off follows the same scaling at all magnitudes (e.g. ω−2). By the

similarity theorem for Fourier transforms, the spectrum of the larger earthquake is

identical to that of the smaller earthquake, but shifted along a line of ω−3. The
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spectrum of the larger earthquake is given by

u∗ = b3u(bω), (2.32)

where u(ω) is the spectrum of the first earthquake (Prieto et al., 2004).

If earthquakes are self similar, the scaled energy ẽ = ER/M0 should be constant

as a function of moment. This has been observed by some, but not all studies.

Studies using only local records find a M
1/4
0 trend, whilst those using teleseismic

records are more likely to find a moment-invariant relationship. Similarly, the stress

drop should be constant with moment if earthquakes are self similar. Whether

observations of stress drop support self-similarity is difficult to disentangle from

variation in stress drop found by different methods. Discrepancies between whether

stress-drop and scaled energy agree on self-similarity may also arise from errors

in the energy calculation.

If earthquakes are self-similar, we would expect sources to be equally complex

at all magnitudes. One way to model this may be through fractal faults, where

the fault is equally complex at every scale.

Note that earthquake source models also consider a fracture mechanics definition

of self-similarity. In this, the crack grows symmetrically at constant velocity from a

zero initial length. This results in mechanical fields that are invariant with respect

to an observer moving steadily away from the nucleation point. This is in contrast

with steady state crack growth (Xia et al., 2006).



3
Correlations between earthquake

magnitude and early features of rupture in
a global dataset

Contents
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.2 Methodological background . . . . . . . . . . . . . . . . 46

3.2.1 Predominant Period . . . . . . . . . . . . . . . . . . . . 46
3.2.2 Average Period . . . . . . . . . . . . . . . . . . . . . . . 48
3.2.3 IV2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.2.4 Peak Ground Displacement . . . . . . . . . . . . . . . . 50

3.3 Earthquake Durations . . . . . . . . . . . . . . . . . . . . 51
3.4 Implementation . . . . . . . . . . . . . . . . . . . . . . . 53

3.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.4.2 Phase Picking . . . . . . . . . . . . . . . . . . . . . . . . 54
3.4.3 Distance corrections for amplitude . . . . . . . . . . . . 54
3.4.4 Azimuthal coverage and number of stations . . . . . . . 55
3.4.5 A note on our approach . . . . . . . . . . . . . . . . . . 58

3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.5.1 Predominant period . . . . . . . . . . . . . . . . . . . . 61
3.5.2 Average period . . . . . . . . . . . . . . . . . . . . . . . 64
3.5.3 IV2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.5.4 Peak Ground Displacement . . . . . . . . . . . . . . . . 67
3.5.5 Impact of pick uncertainty on results . . . . . . . . . . . 68

3.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.6.1 Predominant Period . . . . . . . . . . . . . . . . . . . . 70
3.6.2 Average period . . . . . . . . . . . . . . . . . . . . . . . 72
3.6.3 IV2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

42



3. Determinism 43

3.6.4 Peak Ground Displacement . . . . . . . . . . . . . . . . 75
3.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . 78

Key Points

• We examine the beginnings of seismograms from 4000+ earthquakes from

around the world.

• We identify statistically significant relationships between four features of the

seismograms and the final earthquake magnitudes.

• These relationships provide insight into the physical processes underpinning

rupture initiation.

Abstract

It remains uncertain whether an earthquake ‘knows’ its final magnitude part-way

through its rupture. Several studies have found that early features of rupture can

constrain final earthquake magnitude, but many of these have considered datasets

with fewer than 100 earthquakes in order to reduce extraneous sources of variability.

We consider a larger, but less carefully curated dataset. We calculate four parameters

of the early portions of seismograms using >4000 earthquakes from around the

world; we simply accept the scatter inherent in such a range of events. Despite

this scatter, we find that on average larger earthquakes have distinct features in

their early stages: they have longer predominant and average periods, release more

energy, and reach higher maximum moment rates. The differences between small

and large earthquakes persist even when we consider short measurement windows

less than 1/3 of the earthquake duration. These results further evidence that there

are physical differences between the early stages of large and small earthquakes.

These, and further observations, could help us better understand how local stresses

and frictional weakening drive earthquake rupture.
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Plain Language Summary

Once an earthquake has finished, seismologists can easily calculate its magnitude.

We are interested in whether the final magnitude is decided before the earthquake

is over: do big earthquakes start differently than small earthquakes, or do they just

happen to be able to grow for a longer time? This distinction is important as we

develop earthquake early warning systems and as we improve our understanding

of earthquake physics.

Several parameters have been used to quantify the early parts of earthquakes.

We calculate 4 of these parameters on very short segments of the recordings of

over 4000 earthquakes from around the world. We find that these parameters

largely scale with the final earthquake magnitude. For instance, we find that large

earthquakes tend to release more energy than small earthquakes even when just

looking at the first 10% of the event. This gives us insights into the physics that

underpins the early stages of earthquakes.
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3.1 Introduction

After an earthquake ends, we can observe its features and calculate its magnitude.

However, it is unclear if we can calculate an earthquake’s final magnitude before

rupture ends. If characteristics of nucleation and early rupture allow us to determine

earthquake magnitude, we say earthquakes are deterministic. The deterministic

nature of earthquake rupture, or lack thereof, is of interest for fundamental science—

for understanding how earthquakes grow—and for society; if initial features of an

earthquake determine the ultimate magnitude, then this information may be able

to be incorporated into rapid earthquake early warning systems.

In the past, many different approaches have been used to understand the extent

to which earthquakes are deterministic. One approach is to probe particular features

of observed seismograms. Some studies have identified seismic nucleation phases that

scale with the eventual size of the earthquake (Ellsworth and Beroza, 1995), whilst

other studies have identified scalings between magnitude and various attributes, such

as peak P wave displacement (Colombelli et al., 2013) or predominant period (Olson

and Allen, 2005). For example, Lancieri et al. (2011), investigated four parameters

of seismograms in short windows after the MW 7.8 Tocopilla earthquake and its

aftershocks. They found that whilst some parameters scale with magnitude, other

parameters scale with magnitude only for small earthquakes and that values saturate

for larger earthquakes. Indeed, other studies have found no useful relationships

between the early earthquake properties and final magnitude (Rydelek and Horiuchi,

2006; Meier et al., 2016) over a much wider magnitude range. Trugman et al.

(2019) find that peak ground displacement saturates exactly when expected from

modelling rupture with a simple, non-deterministic model. These observations of

non-deterministic rupture would make sense if the underlying fault structure is the

predominant control on final earthquake magnitude (Wesnousky, 2006). Some of

the differences between observational studies come from the physical processes of

the earthquakes but others may result from subtleties of the processing approaches.

Source time functions have also been used to probe the deterministic nature of

large earthquakes. Some of these studies have found that early rupture processes
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are universal: that ruptures are not deterministic (Meier et al., 2017, 2020b), whilst

others have concluded that there are measurable differences between the onsets

of large and small earthquakes (Melgar and Hayes, 2019).

A major uncertainty in determinism results centres around the potential biases

in the data selection, processing, and analysis (as discussed by Meier et al., 2016).

So, in this work, we aim to add a relatively large, global dataset to the available

observations. We examine the early seismograms of several thousand earthquakes

and calculate four parameters: predominant period, average period, the integral

of the velocity squared, and peak ground displacement. We outline some of the

theory and past work behind these four parameters in section 3.2. In section 3.3,

we discuss how the length of our windows of calculation compare to earthquake

durations, and in section 3.4 we outline our dataset and workflow. In section 3.5,

we present our results including relationships between each of our four parameters

and magnitude. Work on determinism often stops here, with a relationship between

a parameter and magnitude, particularly where a deterministic relationship useful

for early warning has been found. But there are many more questions we can

ask about what these parameters actually represent, and what they tell us about

earthquake source processes. We therefore finish section 3.6 by discussing the

potential physical meanings of our parameters.

3.2 Methodological background

We calculate four parameters from the beginning of earthquake seismograms:

predominant period, average period, the integral of the velocity squared, and

the peak ground displacement. Here we outline some of the theory and equations

behind these parameters and discuss previous work that made use of them.

3.2.1 Predominant Period

As the name suggests, the predominant period extracts the dominant period (or

equivalently, the dominant frequency) from a signal of interest. We calculate the



3. Determinism 47

predominant period, τp, from the ratio between observed velocities and accelerations,

following Allen and Kanamori (2003).

We first compute the bandpass filtered ground velocity vi with a 0.1–19 Hz,

4-corner Butterworth filter. We then use a recursive algorithm to compute the

smoothed ground velocity squared:

Vi = αVi−1 + v2
i . (3.1)

Here α is a smoothing constant, the value of which depends on the sampling

frequency of the data. For our 100 Hz data, α = 0.99. We also compute the

smoothed acceleration squared:

Ai = αAi−1 +
(

dv

dt

)2

i

. (3.2)

The predominant period, τp, is then

τp = 2π

√
Vi

Ai

. (3.3)

Finally, we are interested in the maximum predominant period in our time

window of interest:

τmax,∆ti
p = max

t∈[0,∆ti]
τp(t). (3.4)

3.2.1.1 Previous results

A number of researchers have investigated the τmax
p of earthquakes (Nakamura, 2004;

Olson and Allen, 2005; Lockman and Allen, 2007; Tsang et al., 2007; Wurman et al.,

2007; Brown et al., 2009). Olson and Allen (2005) calculated the relationship between

τmax
p and magnitude for 71 earthquakes in the United States of America, Taiwan

and Japan. They found a roughly log-linear relationship (M = 7.14 log τmax
p + 5.93)

with a linear correlation coefficient of 0.9.

τmax
p has been incorporated into the EPIC and ElarmS earthquake early warning

algorithms for ShakeAlert, used on the US West Coast (Chung et al., 2019; Kohler
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et al., 2020). Indeed, at one point τmax
p was used for magnitude estimates (Brown

et al., 2011), but now it is used only to confirm that detections are truly earthquakes

(Angela Lux, Personal Communication).

However, there are some concerns about the stability of the τmax
p parameter

(Wolfe, 2006; Shieh et al., 2008). For example, Wolfe (2006) found that the parameter

gives increased weighting to higher amplitudes and frequencies, and so averaging τp

over stations does not give a true average of the frequency content of an earthquake.

The recursive nature of the predominant period can lead to inaccurate measure-

ments in the earliest portion of a measurement window (e.g., Wolfe, 2006). For

this reason, Olson and Allen (2005) began analysing the computed τmax
p values

0.05 s after the P arrival rather than upon the P arrival. We will examine results

with several different ‘blanking window’ durations: 0, 0.05, 0.1, 0.25, and 0.5 s

but find that the value minimally affects our results.

3.2.2 Average Period

The average period, τc, also measures a characteristic period of the ground motion

within a given time window. However, we calculate τc using integrals of squared

velocity and displacement rather than using recursive calculations. τc is given by,

τ∆ti
c = 2π√√√√∫ ti+∆ti

ti
u̇2(t)dt∫ ti+∆ti

ti
u2(t)dt

, (3.5)

where u is the observed displacement, ∆ti is our time window of interest, and

u̇ is the velocity. Both the velocity and displacement are highpass filtered from

0.078 Hz, using a 3-corner Butterworth filter.

3.2.2.1 Historical Background

The average period was derived by Kanamori (2005). To understand why the value

in equation 3.5 is a sensible estimate of average period, note that we can rewrite

the quantities inside the square root as integrals over frequency using Parseval’s
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theorem. The value inside the square root then becomes

4π2 ∫∞
0 f 2 |û(f)|2 df∫∞

0 |û(f)|2 df
= 4π2

〈
f 2
〉

, (3.6)

where f is frequency, and û(f) is the displacement spectrum. The obtained value is

thus proportional to ⟨f 2⟩: the average of f 2, as weighted by |û(f)|2 (Kanamori, 2005).

The average period τc is the inverse square root of this average-frequency-squared.

The parameter τc represents the effective period for multichromatic waves (and

the true period for monochromatic, single-frequency waves). Since f = 1/τ , we find

τ∆ti
c = 2π√√√√∫ ti+∆ti

ti
u̇2(t)dt∫ ti+∆ti

ti
u2(t)dt

= 2π√
4π2 ⟨f 2⟩

= 1√
⟨f 2⟩

, (3.7)

which is the same as equation 3.5.

3.2.2.2 Previous Results

Wu et al. (2006) calculated the relationship between τc and magnitude for 46

earthquakes in Taiwan. They found a roughly log-linear relationship (M =

3.088 log(τc) + 5.300) with a correlation coefficient of 0.77 and a standard de-

viation of 0.57.

Similar exercises have also been conducted in Japan, Taiwan and Southern

California (Kanamori, 2004; Wu and Kanamori, 2005a,b; Wu and Zhao, 2006; Wu

et al., 2007; Wu and Kanamori, 2008b). Wu and Kanamori (2008a) collate 54 events

from these analyses which have data from at least four stations. They find that

M = 3.373 log(τc) + 5.787 ± 0.412 with a correlation coefficient of 0.933.

τc has been used in real-time EEW tests in California (Bose et al., 2009) and

Taiwan (Hsiao et al., 2009). τc is more robust to filtering choices than τmax
p , so

combining τc and τmax
p can lead to a lower uncertainty on estimated magnitude

than either value can provide alone (Shieh et al., 2008).
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3.2.3 IV2

The integral of velocity squared (IV2) parameter (Festa et al., 2008) includes informa-

tion about the energy radiated by the advancing rupture (e.g. Lancieri et al., 2011).

IV2 is given by

IV 2∆ti =
∫ t+∆ti

t
v2(t)dt, (3.8)

where t is the time of the first arrival, and v is the particle velocity measured on

the seismograms. ∆ti is the time window considered in the analysis. We normalise

each IV2 measurement to a reference epicentral distance of 1 km by multiplying by

the geometric spreading term ((R2/1 km2)) as further discussed in Section 3.4.3.

Kanamori et al. (1993) showed that IV2 should be proportional to the energy

radiated by an earthquake:

Eϕ = kR2cϕIV 2ϕ, (3.9)

where cϕ is the wave speed of phase ϕ, k incorporates several constants, and R

is the hypocentral distance.

3.2.3.1 Previous Results

Festa et al. (2008), Lancieri et al. (2011), and Peng et al. (2013) found linear

scalings between IV2 and moment in Japan, Chile, and China respectively. However,

Festa et al. (2008) found that IV2 saturated at around M5.8 using a 4 s window

of the P wave or a 2 s window of the S wave.

3.2.4 Peak Ground Displacement

Peak ground displacement, Pd, measures the maximum ground displacement in

the time window of interest, ∆ti. To calculate Pd, we first highpass filter our

velocity seismograms at 0.075 Hz to remove long-period noise. Then we integrate

to displacement u. Finally, we take the maximum value of the displacement

record in our window of interest and normalise to a reference distance (Rref; see

section 3.4.3), so that

P ∆ti
d = max

t∈[0,∆ti]
u(t) ∗

(
R

Rref

)2
. (3.10)
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3.2.4.1 Previous Results

A number of studies have found relationships between Pd and magnitude without

any obvious saturation. Pd has been used in a number of real-time EEW tests,

often in combination with another parameter like τc, in California (Allen et al.,

2009; Bose et al., 2009), Taiwan (Hsiao et al., 2009), Turkey (Fleming et al., 2009),

Italy (Lancieri and Zollo, 2008) and Japan (Colombelli et al., 2020). It formed part

of the VirtualSeismologist algorithm considered for use in earthquake early warning

in California and Japan (Cua et al., 2009; Kohler et al., 2009). All of these studies

find a positive relationship between Pd and magnitude except for Colombelli et al.

(2020) who find that larger events have lower values of Pd in the first second.

Pd has been studied in a post-hoc sense in combination with IV2 in Chile

(Lancieri et al., 2011) and China (Peng et al., 2013). Festa et al. (2008) proposed

the use of P 2
d /IV 2 in probabilistic EEW applications in Japan.

Trugman et al. (2019) predict and observe a saturation in Pd values at ∼ M5.8

when calculated in a 1 s window, and similar behaviour at higher magnitudes

in longer windows. This magnitude marks the midpoint of the transition from

linear to magnitude-independent scaling, and thus there is still a weak relationship

between Pd and magnitude up to ∼ M6. This corresponds to an average source

duration of ∼ 3 s. Where more than one-third of the earthquake duration has

passed, they observe a linear relationship between Pd and magnitude in a study of

2409 earthquakes in Japan. Lancieri et al. (2011) also observe a saturation in Pd at

∼ M6.5 for calculations in a 2 s window, but do not observe this in a 4 s window.

3.3 Earthquake Durations

We wish to know whether the beginning of an earthquake can tell us about the

final magnitude. To do this, we must focus on windows of calculation (∆ti) which

are shorter than the earthquake duration.

We follow Trugman et al. (2019) in using a simple model of earthquake rupture

to calculate average source durations. In a simple case, earthquakes begin by
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growing roughly circularly, spreading out on the 2-dimensional fault. In this

regime, the released moment M0 ∼ ∆σL3, where L is the along-strike length and

∆σ is the stress drop. If the rupture velocity (V ) is constant through time, the

rupture length will grow linearly with time. If the rupture stops after a duration

T , L = V T , and moment M0 ∼ T 3.

At some point in the growth of large earthquakes, the width (W ) exceeds the

width of the seismogenic zone (W = Wmax), and the rupture begins to grow in

1-dimension. Once this happens, M0 ∼ ∆σW 2
maxL and moment starts to increase

linearly with time. Ruptures that stop well into this regime have moments that

scale linearly with duration T .

Given this assumed growth, it is possible to calculate earthquake duration for a

range of magnitudes (following e.g, Gomberg et al., 2016). We assume relatively

common estimates of stress drop ∆σ = 5 MPa, maximum width Wmax = 60 km,

and rupture velocity V = 2500 ms−1. Using these values, we calculate earthquake

durations and compare them to our analysis window lengths (0.3, 0.5, 1, and 4

s). For instance, M3 earthquakes are on average 0.1 s long, shorter than our

shortest window, whilst M4 earthquakes are on average 0.3 s long, comparable

to our shortest window. M5 and M6 earthquakes are on average 1 and 4 s long,

3 and 12 times longer than the 0.3 s window, respectively. Changing the stress

drop by a factor of 3 changes the duration by a factor of 3
√

3 or about 1.44 (Figure

A.1). The maximum width falls in the lower-middle of the range expected by

Gomberg et al. (2016) (10–200 km) but reducing this value increases the duration

of M >∼ 6 events as they become bounded earlier in their rupture and increasing

the value of Wmax has no impact over our magnitude range of interest. We thus

proceed with Wmax = 60 as it is preferable to use a lower bound for earthquake

duration (i.e. it is better for us to overestimate the proportion of rupture in a

given time window than it is to underestimate it).

In what follows, we will calculate results for the full set of windows but will

focus our interpretation on those earthquakes that are significantly longer than
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the measurement window (the earthquake duration is two, three or ten times the

measurement window, see Table A.2).

Our methods calculate a parameter in some time window of observation, ∆ti,

but at near source distances, this window does not correspond to an equivalent time

of rupture. A ∆ti s window of P waves images a smaller area of the fault than an

equivalent ∆ti s window of S waves, due to their different propagation velocities, and

both image an area smaller than the area ruptured ∆ti s after the rupture has begun.

3.4 Implementation

We calculate our four parameters of interest (τmax
p , τc, Pd and IV2) from observations

of the beginnings of thousands of earthquakes.

3.4.1 Data

We begin by selecting all M ≥ 3 events in 2019 that have data hosted on the IRIS

Data Center. To this dataset, we add M ≥ 5 events between 2005 and 2021. These

events are shown in Figure 3.1. In our analysis, we use data from all stations with

HH* or BH* channels within 1° of the epicentre, regardless of network. We download

the data from the IRIS Data Center using the ObsPy mass-downloader utility.

We require the signal-to-noise amplitude ratio of the unfiltered data to be at

least 20, which leaves us with 4143 earthquakes, including 2245 M ≥ 5 events.

These data come from 173 networks: NZ, ZW, CI, AZ, Z3, 1B, GE, 8F, CX, ZA,

TJ, MU, YM, NU, 6E, ZB, Y9, HP, ZY, NM, ZO, 3A, HA, HT, 2B, 7B, ZD, Y2,

XY, IV, MN, RO, YC, XJ, 3H, CB, IQ, 4B, NO, RM, YL, 6D, WI, HL, CL, 6C,

XS, C, BC, CN, Z8, XI, CK, KR, 4A, ZE, PL, GO, XD, ES, KO, XP, XM, OK,

GU, XF, G, BK, TA, 6A, VU, ND, KZ, 5C, BA, Z7, X9, KC, 8E, NC, NN, Z6, IN,

PA, TU, YZ, HV, PT, SV, EC, IU, Z5, WA, C1, NA, MT, FR, AC, TM, HC, GS,

NX, 5L, OV, MQ, XV, AK, 7D, KN, N4, YQ, GL, IO, XL, TC, 6K, 3J, 9H, C8,

5K, CQ, 5F, XQ, 8G, 8H, MM, YR, Z1, YU, ZR, WC, AF, 7C, NS, CZ, SN, TX,

HU, PM, VI, BR, XO, O2, GM, DE, PY, YB, UM, C0, YX, TD, RV, AE, KY, IE,
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XA, CA, NL, UW, UO, ZC, YA, PE, LD, OH, 3L, CW, PQ, AG, GR, OE, PR, and

JM. Further information about the networks is listed in the Open Research Section.

Figure 3.1: Map of the earthquakes used in this study. Grey dots show the complete
IRIS catalogue: all M ≥ 3 earthquakes in 2019, and all M ≥ 5 earthquakes between 2005
and 2021. Black dots show the earthquakes that have appropriate data for analysis: those
with a station within 100 km and a signal-to-noise ratio greater than 20.

3.4.2 Phase Picking

In order to analyse the beginning of earthquake ruptures, it is important to have

accurate picks of when the seismic waves arrive at each station. We use a machine

learning approach to identify the P wave arrival of each earthquake, specifically the

EQTransformer model (Mousavi et al., 2020) implemented in SeisBench (Woollam

et al., 2022). EQTransformer is an ideal model to use: it was trained on a global

training dataset and it has high precision and recall, particularly in the epicentral

distances we are interested in (Mousavi et al., 2020; Münchmeyer et al., 2022).

3.4.3 Distance corrections for amplitude

Different features of waveforms are affected by changing source-receiver distance in

different ways. There are two main physical mechanisms which affect seismic waves

as they travel through the earth: geometric spreading and attenuation.
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3.4.3.1 Geometric spreading

Geometric spreading is relatively straightforward to correct. To a first order

approximation, P waves radiate spherically from earthquake sources. Energy density

thus decays following an inverse-square law (1/R2), where R is the distance the

wave has propagated from the source. Wave amplitude decays as 1/R. Geometric

spreading is important to consider for parameters based on amplitude, such as

IV2 and Pd, but has no effect on the frequency content of the waves. For IV2, we

analytically remove the geometrical spreading term by normalising measurements

to a reference distance (1 km) by multiplying by (R/1 km)2.

To correct Pd, we use a more empirical approach. Kuyuk and Allen (2013)

compared the magnitude predicted from Pd to the true magnitudes for 2166 globally

distributed earthquakes. They found that individual Pd estimates could best retrieve

magnitude if they were normalised by distance1.38. We follow this approach in our

work and so we multiply each Pd value by (R/1 km)1.38.

3.4.3.2 Attenuation

It is more difficult to correct for distance-dependent attenuation. Intrinsic and

scattering attenuation are larger at higher frequencies (Anderson et al., 1977), so

we expect a bias toward lower frequencies in more distant observations. However,

given the complexity of frequency-dependent attenuation, we choose not to correct

for attenuation in our global dataset. Instead, we will simply return to assess the

potential influences of attenuation on our results in section 3.5. In that section, we

reanalyse the results using only observations in particular distance ranges.

It is also important to note the magnitude dependence of the attenuation effect.

Large earthquakes are less affected by attenuation, as they are less enriched in

higher frequency energy.

3.4.4 Azimuthal coverage and number of stations

Looking at the azimuthal distribution of stations (Figure 3.2), several features stand

out. M3 − 4 earthquakes have a lack of recordings in the South-East. This may
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Figure 3.2: Rose diagram of azimuthal coverage by magnitude for τmax
p .

result from a large portion of the seismicity forming part of the Ridgecrest sequence.

For the M5 − 5.5 group there is a significant bias towards events recorded at

azimuths of around 45°. These result from the Bárðarbunga eruption which began in

August 2014. In response to increasing seismic activity, a seismic array was deployed,

primarily to the north-east of the seismicity. Thus the azimuthal bias results. We

see a similar azimuthal distribution for the other parameters. (Figures A.2–A.4)

We also calculate the maximum azimuthal gap between stations recording any

given earthquake (Figure 3.3). Events that are only recorded at one station have

an azimuthal gap of 360°. There is a broad distribution of azimuthal gaps, with the
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Figure 3.3: Histograms of the maximum azimuthal gap between stations used in
calculation of τmax

p for given earthquakes. Events that are only recorded at one station
have an azimuthal gap of 360°.

distribution peaking between 45 and 90°. Smaller events tend to have a slightly

larger maximum azimuthal gap, but all events show a significant range. The

maximum azimuthal gap shows similar distributions for the other parameters

(Figures A.5–A.7).

Larger events tend to be recorded at fewer stations (Figures 3.4 and A.8–A.22).

This makes sense: the catalogue is only complete to M3 in the US, where stations

are closely spaced, and there may be many within 1° of the epicentre. Larger

events are globally distributed where station spacing may be over 1° and so they
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Figure 3.4: Number of stations used in the calculation of τmax
p by magnitude.

are recorded at fewer stations.

3.4.5 A note on our approach

The objective of our study is to look for broad-scale, average, relationships between

four parameters of early rupture and final magnitude. In such a global approach,

we expect a significant scatter. This scatter originates from the intrinsic differences

between earthquakes which are independent of magnitude. The events have a

range of focal mechanisms, tectonic settings, geological settings, depths, and

instrumentation. However, none of these differences are likely to have strong
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correlations with earthquake magnitude, so we expect them to add uncertainty to

any obtained scaling rather than adding a large bias. This approach is in contrast to

most previous studies which generally consider fewer than 100 earthquakes, albeit

often recorded at large numbers of stations, in an attempt to isolate similar types

of earthquakes and reduce variability due to tectonic setting (Table A.1).

3.5 Results

Once we have filtered and picked the data, calculated the four parameters of interest,

and corrected for distance, we obtain values of τmax
p , τc, Pd and IV2 for each recording

of our 4143 earthquakes. Figure 3.5 shows the 4 parameters estimated for each

earthquake as a function of earthquake magnitude (coloured crosses), along with

the median value (grey dot) for each 0.1 magnitude-unit bin. Here we use a 0.3

s time window; we show results for longer time windows in Figures A.23–A.25).

Following previous workers, we present τmax,∆ti
p and τ∆ti

c values after averaging over

stations, whilst P ∆ti
d and IV 2∆ti values are presented without averaging.

All four of the datasets show trends where the parameter values increase with

increasing earthquake magnitude. Figure 3.6 shows these data again, but now with

two best-fitting linear trends: one trend calculated over the full magnitude range

and one trend calculated for earthquakes larger than M4, whose durations are, on

average, longer than the 0.3 s time window. The trends are all positive, with slopes

between 0.1 and 0.9. Longer windows are shown in Figures A.26–A.28.

The trends do change with magnitude for τmax,0.3
p and τ 0.3

c . These parameters

clearly increase with magnitude for small earthquakes but plateau slightly above

M6. Further, all four parameters display significant scatter. In the plots, the

scatter appears to increase at M5, but that increase is an artifact of the increase

in data density at M5; There is no statistical increase in variance (see Section

A.7, Figures A.29–A.31).

We use four measures to quantify the relationship between our observations

of rupture initiation and the final earthquake magnitude (Figures 3.7 and 3.8).

These measures are: the gradient of a straight line fit (panel a); the proportion of
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Figure 3.5: Parameters estimated from the early seismograms vs magnitude using a
0.3 s window. The plotted parameters are a) predominant period, b) average period, c)
integral of velocity squared and d) peak ground displacement. In a) and b), each cross
represents the mean value for a given earthquake, averaged over stations. In c) and d),
each cross represents the value at one station corrected to 1 km epicentral distance (see
text). Grey circles show the median value for each magnitude bin. Magnitude is preferred
magnitude from the USGS (MW where available).

the variance this straight line explains (panel b); the Spearman’s rank correlation

coefficient of the dataset (panel c); and the probability of getting this Spearman’s

rank correlation coefficient from ordinally uncorrelated data (panel d). The

Spearman’s rank correlation coefficient (r ∈ [−1, 1]) is particularly useful because it

tests whether the values in the observed parameters are ordered in the same way

as the magnitudes. It does not require data to be normally distributed.

We calculate each of these measures across various magnitude ranges so that

we can assess whether the relationships persist if we only consider earthquakes

with a duration longer than the observation window. The relationships do persist.

For instance all four parameters have a significant relationship (p < 0.05) with

magnitude, even if we consider 0.3 s windows and M ≥ 5.2 earthquakes, which are
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Figure 3.6: The same data as in Figure 3.5 with least squares line of best fit added
(shading shows 1 and 2 standard deviations around this line). We calculate the line of
best fit for two magnitude ranges: for the whole M ≥ 3 dataset (solid line), and one
where for events where the window is at least as long as the average earthquake duration
(dashed line).

typically more than 4 times longer than the 0.3 s window (Figures 3.7 and 3.8).

In the following sections, we summarise the scalings obtained for each parameter,

the dependence of those scalings and correlations on the magnitude range considered,

and the effects of our parameter choices.

3.5.1 Predominant period
3.5.1.1 Correlation in different magnitude ranges

Given a 0.3 s window, and including only M > 4 earthquakes, which are on average

longer than 0.3 s, the best fitting line for predominant period is log10

(
τ (max,0.3)

p

)
=

0.08M −0.60(σgradt = 0.0084). This implies that τ (max,0.3)
p scales as M0.053

0 . However,

the linear trend is not a perfect match to the data. M3-4 earthquakes prefer a

steeper trend and are offset below the line of best fit of the whole dataset. When
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Figure 3.7: Statistics for analysis using a 0.3 s window. The value plotted at each
magnitude is the value we obtain when we fit the data using only earthquakes with that
magnitude or larger. Panel a) shows the gradient of a linear fit, panel b) shows the
proportion of the variance in the data explained by that straight line, panel c) shows the
Spearman’s rank correlation coefficient and panel d) shows whether this correlation is
statistically significantly different from a linearly uncorrelated dataset. Grey shaded bar
in panel d shows the region where p < 0.05. Vertical lines denote average magnitudes of
earthquakes with durations equal to the window length (solid), twice the window length
(dashed), three times the window length (dash-dot) and ten times the window length
(dotted).
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Figure 3.8: As Figure 3.7 but using a 4 s analysis window.

M3-4 earthquakes are included in the fit, τmax,0.3
p = 0.14M-0.91 or equivalently,

τmax
p ∝ M0.093

0 .

There is still a significant correlation when we consider only M ≥ 5 earthquakes.

The correlation only ceases to be significant when the minimum magnitude exceeds

5.1—5.4 (solid to dashed transition; Figures 3.7, 3.8, A.32, A.33).
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3.5.1.2 Window length and magnitude range

Perhaps surprisingly, the magnitude at which significance is lost is unaffected by

changing the calculation window length, ∆ti. This independence may give us

insight into the processes that determine τmax
p (see section 3.6.1). The window

length also only modestly affects the variance explained by a linear fit (Tables

A.4). Increasing ∆ti changes the fraction of the variance explained from 44%

to 53%. Similarly, increasing ∆ti does not significantly increase the Spearman’s

correlation coefficient (Table A.6).

3.5.1.3 Additional effects: Source-receiver distance

As we discussed in Section 3.4.3, the Earth acts as a lowpass filter on the seismic

waves which propagate through it. We might expect that data recorded at stations

which are further from the source would have undergone more attenuation, and so

the predominant period values we find would be longer. Such distant observations

may be more likely to record larger earthquakes and thus could introduce bias.

We now explore how our results change if we exclude observations close to the

source. Specifically, we examine how a minimum station-receiver distance affects

the magnitude at which the significance is lost (the point at which the line becomes

dashed on figures like Figure 3.7). Figure A.34 shows that the distance range does

not appear to bias the τmax
p calculation. For minimum source-station distances of

less than 60 km, the minimum distance has very little effect on the magnitude at

which significance is lost. Above this, there is a decrease in the magnitude which is

largely a result of fewer earthquakes being recorded at stations this far away.

3.5.2 Average period
3.5.2.1 Correlation in different magnitude ranges

The scaling between average period and moment for M > 4 earthquakes is stronger

than the predominant period-moment scaling: τ 0.3
c ∝ M0.13

0 , while τmax,0.3
p ∝ M0.093

0 .

The median values generally closely follow the line of best fit. However, for

longer time windows ∆ti = 1 or 4 s (panel b of Figures A.25, A.24, A.28, A.27), τc
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plateaus at a value around 3 s (log10(τc) = 0.5) for the largest magnitudes, and the

τc-magnitude slope is slightly larger when M3-4 earthquakes are included.

3.5.2.2 Window length and magnitude range

As before, we can consider the effect of gradually increasing the minimum magnitude

of the dataset. Unlike for τmax
p , when we use a longer window length, a significant

relationship persists to larger minimum magnitudes (solid to dashed transition,

Figures 3.7, 3.8, A.32, A.33).

Table A.4 shows the variance explained by linear fits of results for various window

length (Figures 3.7, 3.8, A.32, A.33). Using a longer time window allows us to

explain more of the variance in the data, increasing from 53% of the variance with

∆ti = 0.3 s to 71% with ∆ti = 4 s. However, if we look only at earthquakes with

durations on average as long as the window, the variance does not increase with

window length; 26% of the variance is explained by a fit on M ≥ 4 earthquakes

in a 0.3 s window, and 24% is explained by a fit on M ≥ 5.2 earthquakes in a 1 s

window. As we might expect, the correlation coefficient of average period based

on all data increases as we increase ∆ti (Table A.6).

3.5.2.3 Additional effects: Source-receiver distance and number of
stations

Average period is less sensitive to the number of recording stations than predominant

period. The gradient of the line of best fit is statistically the same whether we

consider earthquakes measured at one, two or three stations. This suggests the

average period is a more robust measure, and is more likely to be able to be coherently

calculated at multiple stations. Again, above a minimum source-station distance of

60 km, the magnitude at which the results become insignificant decreases signifi-

cantly, due to smaller numbers of earthquakes fitting these criteria (Figure A.34).
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3.5.3 IV2
3.5.3.1 Correlation in different magnitude ranges

IV2 shows the strongest magnitude scaling of all the parameters, with a gradient

of 0.75 which implies that IV 2 ∝ M0.5
0 . IV2 is the only parameter where the

gradient gets steeper when we consider only M ≥ 4 events (0.85). Similar trends

exist for the 0.5 and 1 s windows.

Figure 3.5c shows a step in the IV2 data at M5, with a steadily linear increase

between M3 − 5 and an offset, less perfectly linear trend from M ≥ 5. There

is also still some variability in the medians, particularly when we include the

longer dataset above M5.

The IV2 values appear more scattered than the results for average or predominant

period. The scatter is partly due to the change in what is plotted; for τmax
p and τc

(panels a and b), we plot the median value over all recordings of an earthquake. On

the other hand, we plot the IV2 value (panel c) for every recording following

previous workers.

The correlation between IV2 and magnitude remains significant until ∼ M6.4,

regardless of window length (solid to dashed transition, panel b in Figures 3.7, 3.8,

A.32, A.33). For a 0.3 s window, this is a significantly higher cut-off than for

the other parameters.

3.5.3.2 Window length and magnitude range

With IV2, we see a significant increase in the Spearman’s correlation coefficient as

we consider longer ∆ti, increasing from 0.45 at ∆ti = 0.3 s, to 0.79 with ∆ti = 4 s.

The gradient also increases with ∆ti and has the highest gradient in the 4

s window (1.21).

3.5.3.3 Additional effects: Source-receiver distance and number of
stations

In Figure A.34, we can see that IV2 is consistently significant to M6.4 − 6.6, and

that this depends only on the number of stations considered (colour), rather than

the minimum source-receiver distance (x-axis). This suggests our correction for
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geometric spreading is appropriate and that the effect of attenuation is negligible.

For events recorded at 5 or more stations, the significance is lost 0.1 magnitude

units earlier, probably because there are fewer earthquakes to analyse.

3.5.4 Peak Ground Displacement
3.5.4.1 Correlation in different magnitude ranges

For ∆ti = 0.3 and using the whole dataset, log10(P 0.3
d ) = 0.50M − 5.13, implying

that Pd ∝ M0.33
0 . This relationship is stronger than for τ 0.3

c and τ (max,0.3)
p but

weaker than that of IV2.

The individual Pd results are consistently clustered around a trend, and the

increase in data density at M ≥ 5 is the least apparent compared to other

parameters. Whilst there are some significant outliers (as with IV2), these do

not appear to be systematic.

In a 0.3 s window, the correlation between P 0.3
d and magnitude is significantly

distinguishable from linearly uncorrelated data until Mmin=5.5 (average duration

= 1.7 s; solid to dashed transition, Figure 3.7).

3.5.4.2 Window length and magnitude range

Changing the window length changes the distribution of points on the Pd-magnitude

plot. For short ∆ti, two trends are clear in the median values: an almost perfect

linear trend between M3 and M5, and a more varied, shallower slope trend from

M5 upwards (panel d of Figures 3.5, A.23, A.24, A.25). As we look at longer values

of ∆ti, this break in scaling disappears and the medians appear to fall on a single

linear trend. As ∆ti increases, the gradient of the best fit line gets steeper (panel

d of Figures A.25, A.27, A.24, A.27) and the break in significance increases from

Mmin =5.5 to 6.3 (average duration = 4.4 s, Figures 3.7, 3.8, A.32, A.33).

3.5.4.3 Additional effects: Source-receiver distance and number of
stations

The Pd results are minimally affected by changing the minimum source-station

distance or by the number of recording stations (Figure A.34). The geometric
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spreading correction appears suitable, leaving no obvious effect of attenuation.

3.5.5 Impact of pick uncertainty on results

We are perhaps the first to use machine-learning based picks for analysis of the early

windows of waveforms. Our ability to define our windows depends on the temporal

accuracy of the ML picks. Münchmeyer et al. (2022) test a range of ML pickers on

several datasets, and investigate the accuracy of the generated picks compared to

manual P wave picks. The most applicable datasets to our use-case are the ETHZ,

SCEDC and STEAD datasets, which contain local-to-regional waveforms and do

not show any systematically higher residuals (see Section 3.3 of Münchmeyer et al.,

2022, for further analysis of all the different datasets). The mean absolute errors

(MAE) are ETHZ: 0.11, SCEDC: 0.12 and STEAD: 0.07. The STEAD dataset

contains global events whereas the SCEDC and ETHZ are both region specific. The

ETHZ dataset contains ∼ 200 times fewer events than the SCEDC and STEAD

datasets. The distributions are centred on zero, but visual inspection of the pick

residuals (Münchmeyer et al., 2022, Figure 2) shows that the mean and median

residual are slightly negative and thus the predicted picks are more likely to be

early than late. We explore the influence of the pick times by varying the pick by

0.1 seconds in both directions and look at the impact on the magnitude at which

there is no longer a significant correlation (Table 3.1), and on the gradient of the

relationship between the parameter and magnitude (Table 3.2).

A shift of −0.1 moves the pick 0.1 seconds earlier, essentially correcting for

systematically late picks. Equivalently, a shift of +0.1 s moves the pick 0.1 seconds

earlier and corrects for systematically early picks. In the 0.3 second window, we find

that a pick shift of −0.1 has no impact on the magnitude at which significance is

lost for τc, Pd and IV2, though the gradients of the relationships of these parameters

with magnitude are slightly shallower with the shifted pick. However τc no longer

shows a relationship with magnitude for any earthquakes with duration longer than

the window. A shift of +0.1 s increases the magnitude at which significance is

lost for τc and has no impact on the other parameters. We find similar results
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Table 3.1: Impact of shifting the pick on the magnitude at which significance is lost.
Window = 0.3 s (Average duration of M4 is 0.3 s).

Pick shift τp τc Pd IV2
-0.1 3.6 5.1 5.5 6.4
0 5.1 5.1 5.5 6.4
+0.1 5.1 5.6 5.5 6.4

Table 3.2: Impact of shifting the pick on the gradient between the parameter and
earthquake magnitude. Window = 0.3 s (M=4).

Pick shift τp τc Pd IV2
-0.1 -0.01 0.14 0.31 0.89
0 0.10 0.15 0.41 0.86
+0.1 0.12 0.19 0.50 0.91

for the other windows (Tables A.7–A.12) with the exception of τc with a shift

of −0.1, where the magnitude at which significance is lost is just 5.1 compared

to 5.6 for shifts of 0 and +0.1.

These results suggest that our results for IV2 and Pd are likely insensitive to

uncertainty in the picks. The τc parameter maintains a relationship with shifts of

+0.1 and −0.1 when considering events longer than the calculation window, but

these relationships become weaker in some circumstances. The τmax
p parameter is

the most sensitive to shifting the pick; it no longer shows a significant relationship

with magnitude when the pick is shifted by −0.1 seconds. This is not unexpected,

since if the picks are correct then the window will now include a significant portion

of noise before the earthquake has arrived at the station. Olson and Allen (2005) do

not use the first 0.05 s after the P wave pick due to the recursive nature calculation

and potential ‘leakage of the frequency content of background noise’. Looking at

the equivalent of Figure 3.6, the τmax
p points are now much more scattered with a

higher proportion having high values of τmax
p (Figure A.35). This suggests that the

events with high values of τmax
p may partly result from leakage from the time before

the earthquake’s arrival, suggesting that these picks were slightly early compared

to a true pick. We also note that shifting the pick by −0.1 exacerbates the jump

in τmax
p values at ∼ M4 that we observed in the non-shifted pick results (Section
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3.5.1) with a much clearer high gradient segment for M < 4 and a flat segment

for M > 4 (Figure A.35). Shifting the pick by +0.1 reduces this feature (Figure

A.36) compared to the zero-shift results. Results for shifting the pick in other

windows are shown in Figures A.37–A.42.

3.6 Discussion

We have determined four properties of earthquake initiation records using a dataset

of 4143 earthquakes from around the world. In our efforts to image the early

portions of rupture, we calculated the parameters over four time windows. We find

a statistically significant relationship between all four parameters and magnitude

when calculated in a 0.3 s window, and these relationships persist even when we only

analyse earthquakes which are on average at least three times as long as the window.

An obvious question to ask is why the beginning of the rupture should be

correlated with its final size. In what follows, we speculate about what physical

processes these parameters measure.

3.6.1 Predominant Period

We, like previous investigators (e.g. Olson and Allen, 2005; Tsang et al., 2007;

Wurman et al., 2007), find that the predominant period in the first portion of the

seismogram is correlated with the final earthquake magnitude. However, what

predominant period actually measures remains unclear.

One idea is that the predominant period could measure the time to rupture an

initial asperity. Larger, wider early asperities could lead to stronger earthquakes

and higher magnitudes. The idea of a dominant early asperity rupturing within the

first 0.3 s is consistent with our observations in different time windows; increasing

the measurement window to 1, 2, or 4 s only modestly changes observed τmax
p values.

For M5 earthquakes, the median value of τmax
p is 0.63. If we assume the

earthquake grows at a constant 2500 ms−1 (something which may not be the case,

e.g. Wang et al., 2016), and take a slip duration of half the predominant period,

we find a length scale of ∼ 790 m which is a plausible asperity size. Inferred
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asperity sizes get closer to the final rupture length for small earthquakes: for M3

earthquakes, the median value of τmax
p = 0.25 giving a length scale of ∼ 300 m.

Since we have an estimate of the τmax
p -moment scaling (τmax

p ∝ M0.093
0 ), we can

calculate a potential scaling between r0, the radius of an initial asperity, and rf ,

the final rupture radius. If we assume that rupture initially grows at a constant

rate Vr, and that earthquakes have magnitude-independent stress drops ∆σs, so

that rf ∝ M
1/3
0 (Scholz, 1982), we arrive at rf ∝ r3.57

0 . This scaling, if true, implies

that as we consider bigger and bigger earthquakes, the total rupture size begins to

grow much faster than the initial asperity size, which changes minimally.

The initial asperity size, as inferred from the τp values, may even plateau for

large-magnitude earthquakes. Visual inspection of Figures 3.5–3.7 suggests that the

τmax
p −M0 gradient is roughly constant for ∼ M4–M6 earthquakes, but for the largest

earthquakes (M ≥ 6), the gradient approaches zero. Indeed, when we consider only

earthquakes larger than M5.1, predominant period has no significant correlation

with final earthquake magnitude. The transition to insignificant correlation occurs

around M5.1 regardless of the window length ∆ti (Figures 3.7, 3.8, A.32, A.33,

A.43). Through numerical simulations, Murphy and Nielsen (2009) found that a

scaling between the peak ground displacement and magnitude occurred for ruptures

up to four times the initial asperity, which might suggest a similar saturation to

our observation of predominant period.

There is, however, a potential window length effect when we examine the full

range of earthquakes, including many M3 − 4 earthquakes that are shorter than our

window length of interest. The τp − M gradient is stronger when we consider such

short earthquakes (Figures A.43 and A.44), but in that case, τp may measure the full

rupture duration, and we may simply see a relationship between duration and size.

We note that the sensitivity of τmax
p to uncertainty in the picks makes these

results the least robust compared to the other parameters.
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3.6.1.1 Comparison with past results

At first glance our results generally agree with previous work (e.g. Olson and Allen,

2005; Lockman and Allen, 2007; Tsang et al., 2007; Wurman et al., 2007; Brown

et al., 2009) who found that the gradient of the relationship between log10 τmax
p and

magnitude to be between 0.14 and 0.21. We find a gradient based on M > 3 events

of 0.14 in a 0.3 s window and 0.17 in a 4 s window. However, when we consider

only larger magnitude events, we find that the gradient of the relationship decreases

and eventually becomes indistinguishable from 0, unlike Lockman and Allen (2007)

who found a higher gradient with M > 5 events compared to M < 5 events. We

find no statistically significant relationship for M > 6 events unlike Shieh et al.

(2008), but in agreement with Rydelek and Horiuchi (2006). Both Wolfe (2006)

and Shieh et al. (2008) raise concerns about the stability of the parameter, and

our results found from varying the pick timings do not alleviate this.

3.6.2 Average period

We also find a relationship between average period in a short initial window and

final earthquake magnitude, and like previous investigators find that it is stronger

than the relationship between predominant period and magnitude (e.g. Shieh et al.,

2008). Like predominant period, estimates of average period, τc, could also be

interpreted as a reflection of some initial asperity or asperities. However, the scalings

are slightly different: τc ∝ M0.13
0 , while τmax

p ∝ M0.09
0 , so the asperity sizes estimated

from this average period increase more rapidly with earthquake magnitude. For

instance, we calculate a characteristic length scale for M5 earthquakes of 890

m. When we derive a scaling between the ‘asperity’ size r0 and the final rupture

size, rf , we obtain rf ∝ r2.56
0 .

In a broad sense, we can make similar inferences about asperity effects here

as we did with predominant period; earthquakes with larger initial asperities tend

to grow bigger. However, while predominant period could highlight a dominant

individual asperity, average period likely accounts for a number of complexities in
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the earthquake rupture recovering an average period from all asperities ruptured

in the first 0.3 s.

The ability of average period to incorporate rupture complexities are consistent

with trends in its gradient when we change the window length. Both the gradient

and the significance of the τc − M0 trend increase as we increase the duration of the

measurement window relative to the earthquake duration (Figure A.45 and A.46).

Alternatively, one could choose to consider average period without considering

asperity sizes. It is possible to frame the calculation as a ratio of different types

of energy or as a normalised measure of frequency, but the physical intuition for

those approaches is not obvious to us.

3.6.2.1 Comparison with past results

Other authors observe gradients of the relationship between log10 τc and magnitude

to be between 0.22 and 0.32 (Kanamori, 2004; Wu and Kanamori, 2005a; Wu and

Zhao, 2006; Wu et al., 2006, 2007; Wu and Kanamori, 2008a,b). Most papers use a

3 s window and thus their results are most comparable to our 1 s (gradient = 0.29)

and 4 s (gradient = 0.26) windows. Some papers (e.g. Wu and Kanamori, 2008b)

find a significant relationship even with M > 6 events, but we find no significant

relationship at these high magnitudes. We again see much more scatter in our

results than other studies, which most likely is due to the large numbers of events

and global focus. Wu et al. (2007) and Wu and Kanamori (2005a) both find a high

scatter in the results which Wu et al. (2007) attribute to low SNR in the windows

under consideration due to the seismometers used and the low overall amplitudes

for some small events in the 3 s window they use.

3.6.3 IV2

In contrast to predominant and average period, IV2—the integral of ground velocity

squared—is intuitively a measure of energy. As previously discussed, IV2 scales

linearly with radiated seismic energy; this scaling follows from considering the

integral of the energy flux through a shell (see eq 3–8 of Kanamori et al., 1993).
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Since radiated energy is observed to increase with earthquake moment, often quasi-

linearly (Abercrombie, 2021), it is unsurprising that IV2 increases with moment

when the measurement window ∆ti is longer than the earthquake duration, and we

have measured the whole earthquake (similar to e.g. Lancieri et al., 2011). Indeed,

in this case, we would expect IV 2 ∝ M0: not much above the power-law we obtain

with our longest (4 s) windows: IV 2 ∝ M0.81
0 .

It is more surprising to see how IV2 scales with moment when we consider

observations with different window lengths relative to the earthquake durations

(Figures 3.7, 3.8, A.32, A.33, A.47 and A.48). Specifically, when we reduce the

window length or consider longer earthquakes, so that the IV2 analysis considers

a smaller fraction of the earthquake duration, the IV2 −M0 scaling exponent

increases. The exponent reaches a value of 1, for a linear scaling, only when we

consider earthquakes that are 10 times longer than the 0.3 s window length.

This leads to several seemingly conflicting results. We obtain a linear IV2−M0

scaling when we consider small windows of the earthquakes’ beginnings; others

observe a linear scaling between radiated energy and magnitude when they consider

the whole earthquake (e.g. Abercrombie, 2021); yet when we consider datasets where

window lengths range from small-to-large fractions of the earthquake duration, the

scaling relationship is weaker.

These results could be reconciled if there are two physical processes occurring:

one process that determines the whole-earthquake energy-moment scaling and

another process that determines the relationship between the early energy and the

final rupture. Analyses with a range of durations could be averaging the two; they

may give a shallower gradient by averaging values from two parallel trends.

Here we are interested in the relationship between the early energy and the

final earthquake magnitude. As noted earlier, we find a statistically significant

trend between IV2 and magnitude (IV 2 ∝ M0.98
0 ) even when the measurement

window is just 10% of the average duration of the smallest earthquakes included

(dotted vertical line on Figure 3.7). This trend suggests that ruptures which start

more energetically tend to rupture farther and thus become higher magnitude
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earthquakes. Perhaps these energetic ruptures are more able to overcome barriers,

similar to the ideas of Heaton (1990).

It is relatively intuitive to think that earthquakes that start with higher energies

can rupture further. However, the magnitudes of the early energy implied by

the quasi-linear IV2 −M0 scaling is surprisingly dramatic. For instance, our

measurements imply that a typical M6 radiates 30 times more energy in the first

0.3 seconds than a typical M5. That higher energy from the M6 could come from

larger initial asperities, as suggested by the τp scaling. Or it could come from

larger initial stress drops or rupture heterogeneities.

3.6.3.1 Comparison with past results

Most previous work has looked at IV2 values in 2 and 4 s windows. We find a similar

gradient between log10IV2 and magnitude to Lancieri et al. (2011) across the whole

magnitude range, and a higher gradient than that found by Peng et al. (2013).

Festa et al. (2008) see a saturation in IV2 at around M5.8. We do not see

a systematic reduction in the gradient as we consider larger magnitude events.

The only observation which could hint at saturation is that, in the 4 s window,

the gradient when we only consider events longer than the window (M ≥ 6.25)

is reduced compared to when we use all events. This is the only window where

this occurs. Festa et al. (2008) attribute the break in scaling that they observe

to the time-window ∆tϕ entirely containing the direct waves. This suggests that

any scaling over a wider magnitude range (valid for M > 5.8) must reflect the slip.

However, in their calculations for M > 5.8 events the rupture area was fixed to

be the same as a M5.8, which may also impact the scalings found.

3.6.4 Peak Ground Displacement

Our observed correlation between early peak ground displacement and final earth-

quake magnitude is also somewhat intuitive, and aligns with some (e.g. Wu et al.,

2007; Wurman et al., 2007; Brown et al., 2009; Noda and Ellsworth, 2017) but not

all previous results (e.g. Meier et al., 2016; Colombelli et al., 2020). Peak ground



3. Determinism 76

displacement is generally considered to be a measure of the rate of moment release in

an earthquake (Aki and Richards, 2009, section 4.3). This Pd − M0 correlation thus

suggests that larger earthquakes tend to have a higher rate of moment release early

on. As with IV2, this intuitively makes sense—earthquakes which are more energetic

(or release moment more quickly) at the beginning of rupture may be better able to

overcome stress or frictional barriers and become higher-magnitude earthquakes.

The gradient of the relationship between Pd and M0 clusters around 0.5,

equivalent to Pd ∝ M
1/3
0 . This scaling is weaker than that observed in studies that

examine the full rupture duration, which often find that Pd ∝ M0. There is no

inconsistency here, however; models and observations of earthquakes’ source time

functions suggest that maximum moment rates typically occur about a third to

halfway through the rupture duration (Houston et al., 1998; Persh and Houston, 2004;

Juhel et al., 2018), and we focus on shorter time intervals at the beginning of rupture.

We find no systematic variations in the Pd − M0 scaling exponent as we change

the size of the window considered relative to the beginning of rupture (Figures

A.49 and A.50). The lack of trend suggests that very few of our observations occur

during the short nucleation phase observed by Ellsworth and Beroza (1995), where

observed moment release was lower than in the rest of the earthquake. However,

the Pd values may not be very easily interpretable, as values can be modified by

filtering as part of the processing or naturally arising from the path effect.

Nevertheless, it is interesting to note how much Pd changes with magnitude

when interpreted at face value. The changes in inferred early moment rate are

smaller than the changes in inferred radiated energy. For instance, we find that

the early moment rate of a typical M6 should be 3 times larger than the early

moment rate of a typical M5.

3.6.4.1 Comparison with past results

Not all previous studies which have used Pd provide quantitative information on

the relationship between Pd and magnitude and those that do show significant

variation in their results.
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Depending on the window used, we find a gradient of between 0.50 and 0.80

between log10 Pd and magnitude for M ≥ 3 earthquakes. This relationship has a

slightly lower gradient (0.41–0.67) when we consider only earthquakes longer than

the calculation window. These gradients are similar to but slightly lower than

what other authors have found in 2 and 4 s windows (Lancieri and Zollo, 2008;

Lancieri et al., 2011; Peng et al., 2013). Lancieri et al. (2011) finding slightly higher

gradients for results calculated on broadband records compared to strong-motion

records. Peng et al. (2013) attribute the lower gradient that they find compared

to previous work done in Taiwan and California (Zollo et al., 2006, 2007; Wu and

Zhao, 2006) to this difference between strong-motion and broadband results, since

low-frequency noise may be more dominant for the twice-integrated strong-motion

records. However we find a gradient which is more comparable to studies using

strong-motion records. This may imply that our filtering parameters or attenuation

correction may need further tuning, or may simply result from regional or tectonic

setting variations in the scaling between Pd and magnitude.

Whilst we see a similar trend to previous authors, the absolute values of our

results are lower, even calculated in comparable window lengths. This likely results

from the varying approaches to distance corrections that different studies use.

However, Colombelli et al. (2020) find the opposite relationship to us, Colombelli

et al. (2014) and all the previously mentioned studies: larger events have lower peak

displacements in the first second. Colombelli et al. (2020) ascribe the difference

between their results and Trugman et al. (2019) to several factors including variation

in pick times and the spacing of Pd calculations. Given the variation in human-

analyst picks (e.g. Chai et al., 2020), and ML picks, we investigated the impact

of varying our picks by ±0.1 s, and find no impact on our results.

One explanation could be that Colombelli et al. (2013) use a large number of

waveforms but a small number of events (48) from Japan and we do not include

Japanese seismicity in our study. However, there is no physical reason to think

that Japanese seismicity may be unique (given that we include other subduction

zones) and Brown et al. (2011) find a similar scaling to us using (slightly more)
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earthquakes from Japan. The scaling found by Brown et al. (2011) in Japan of

log10 Pd ∼ 0.66ML is slightly weaker than that found in a comparable study of

California (Wurman et al., 2007, gradient = 0.73), but is crucially still positive.

Lancieri et al. (2011) find a significant relationship for only M ≥ 6 events in both

2 and 4 s windows, in contrast to Lancieri and Zollo (2008) who find a saturation in

Pd at M6.5 for the 2 s window. Peng et al. (2013) identified that the scaling between

Pd and magnitude is weaker and shows more scatter for M > 6 earthquakes, though

this may result from fewer events going into this estimate. Rydelek et al. (2007)

use a 2 s window and similarly find a reduction in the gradient of the relationship

when all magnitudes are considered compared to only considering M < 5.5, whilst

Wu and Zhao (2006) find a relationship for events M < 6.5.

We do not conclusively see any evidence of saturation, unlike Trugman et al.

(2019) and Lancieri and Zollo (2008). Trugman et al. (2019) expect Pd to saturate

at M5.7 for a 1 s window. We find a statistically significant relationship (α = 0.05)

between Pd and magnitude with minimum dataset magnitudes up to M6 (Figure

A.33); however, we do see a gentle increase in the p-value of the relationship being

explained by ordinally uncorrelated data from M5.7 (bottom panel of Figure A.33).

These results therefore do not confirm or deny the findings of Trugman et al. (2019).

However, we also calculate Pd in shorter time windows, which better places us to

probe the potential saturation of Pd. We find that the relationship between Pd and

magnitude still persists up to minimum dataset magnitudes of M6, even though

these windows are less than one-third of the average duration of a M6.

3.7 Conclusions

In this study we calculated four parameters (predominant period, average period,

integral of the velocity squared, peak ground displacement) in short windows (0.3,

0.5, 1 and 4 s) at the beginning of over 4000 M ≥ 3 earthquakes from around the

world. We investigated their relationships with the earthquakes’ final magnitude.

These four parameters have all previously been found to correlate with final

magnitude in regional studies, often with a limited set of earthquakes (Table A.1).
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Our results show that these correlations persist in a larger global dataset, even with

limited processing. The observed scalings imply that, on average, larger earthquakes

have distinct features in their early stages. They have longer predominant and

average periods and higher values of Pd and IV2. These features can be measured

and significantly correlated with final magnitude even when the measurement

window is less than one-third to one-tenth of the typical duration of the smallest

earthquake considered.

As our results inherently have more scatter than results from smaller, local

studies, we do not find relationships that can be used as diagnostic for any particular

earthquake (e.g. Wurman et al., 2007; Shieh et al., 2008; Lancieri et al., 2011). We

can, however, consider physical processes that could match our observations. For

instance, it may be that larger earthquakes tend to have larger initial asperities and

therefore radiate more energy, and release more moment in their earliest stages.

Open Research Section

Code is available on GitHub and is released on Zenodo as Colquhoun (2024).

Results files from the processing are also available on Zenodo.
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Key Points

• We compile and analyse more than 5000 source time functions from five

datasets.

• We find that large earthquakes release more moment in short initial windows.

• Many source time functions are complex and show several phases of rupture.

Abstract

Source time functions describe the evolution in earthquake moment release through

time, and can be found through a range of inversion approaches. It is unclear to

what extent source time functions show patterns with earthquake magnitude or

depth, particularly in their earliest stages, and whether the inversion approach

chosen affects any relationships which may exist. We compile a catalogue of

over 5000 source time functions from five catalogues which use different inversion

approaches. We find that larger earthquakes release more moment even in short,

early, windows of time, and that a significant proportion of STFs are not well

fit by a single peak, instead showing several phases of rupture which could be

considered as sub-events. Identifying patterns in source time functions has important

implications for earthquake source models and ground motion predictions, and

for our understanding of earthquake determinism.
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Plain Language Summary

Source time functions show how the moment is released throughout an earthquake.

We can calculate STFs using different methods that make different assumptions

and use different observations. It is not clear if factors like the size or depth of an

earthquake, or how an STF was calculated, affect how STFs look, especially in the

early stages. To explore this, we looked at over 5000 source time functions calculated

in 5 different ways. We found that bigger earthquakes tend to release more moment

in the early stages of rupture. We also noticed that many earthquakes have multiple

phases of rupture, rather than just one simple peak. Understanding these patterns

is important because it can help improve how we model earthquakes and can clarify

how different STF calculation methods can influence the research they are used in.

4.1 Introduction

Earthquake determinism asks whether there are intrinsic differences between

earthquakes of different magnitudes in their earliest stages. In Chapter 3, we

considered whether parameters of the early windows of earthquake waveforms

scale with final earthquake magnitude. Here, we approach determinism, and more

broadly whether there are differences between earthquakes of different magnitudes

at any stage in rupture, using source time functions (STFs). This paper uses

multiple datasets of STFs to look at the temporal development of earthquakes,

and to look for systematic relationships between STF features, the dataset used

and the final magnitude of the earthquake.

STFs (also referred to as moment-rate-functions), describe the evolution in

earthquake moment release through time (Figure 4.1 shows some examples of STFs).

STFs provide one of the most robust characterisations of the source process. STFs

are closely related to the observed seismograms, and require less modelling and

interference compared to other approaches used to describe the source process. STFs

also better resolve higher frequency components (f < 1Hz) compared to slip models

(0.1Hz), which allows more detail of the source process to be resolved. If we consider
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Figure 4.1: Nine randomly selected example STFs from the catalogue we compile (See
Section 4.2 and 4.2.6).

the theoretical case of a point-source in an infinite non-attenuating medium, the

STF can be found by simply scaling the P or S waveforms. This scaling factor

accounts for the radiation pattern, the distance and the elastic properties of the

medium (Vallée and Douet, 2016). In reality, the inversion process is more complex

and there are a number of approaches to calculate STFs (Section 4.2) which all

have different assumptions, and have been applied to different subsets of global

seismicity (with different magnitude ranges).

In Chapter 3, we found that there are statistical differences between waveform
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parameters for earthquakes of different magnitudes (M ≥ 3). Peak ground

displacement is a waveform metric which is known to scale with maximum moment

rate. On average, we find that larger earthquakes have higher values of peak ground

displacement, even in windows just 1/3 of the earthquake duration. This leads us to

now investigate what information STFs give us about the evolution of earthquakes,

both in their earliest stages and throughout the rupture process.

4.1.1 STF variation with magnitude

Perhaps the most ground-breaking work on STFs looked at the average STF for

different magnitude bins (Meier et al., 2017), and it is from this work that many of

the questions in this paper arose. In their work, Meier et al. (2017) take different

magnitudes of interest (MW 7, 7.25, 7.5,...,8.5) and choose the 20 events (from the

Ye et al. (2016a) STF dataset) with closest magnitude. This means that events

may occur in more than one group, and that the median magnitude of each bin

may not equal the target magnitude particularly for larger target magnitudes (e.g.

the median MW is 7.98 for both the MW 8 and MW 8.25 target groups). They then

calculate the median STF for each group of events.

Meier et al. (2017) observe that the median STF has a fairly regular behaviour

in all magnitude groups, with ‘near-triangular and almost symmetric shapes’ (Meier

et al., 2017, p. 1277 and Figure 2A). However, for larger magnitude bins, it is clear

that the peak moment rate occurs before the centroid time. They also calculate the

median of the normalised STFs in each group and these also have a high degree of

similarity, with peak moment rates occurring between 35% and 55% of the duration.

This suggests that M ≥ 7.25 earthquakes all evolve similarly, and that there are no

intrinsic differences between major and great earthquakes. However, Meier et al.

(2017) note that the smallest magnitude bin (M7) shows a slower initial growth

rate than the other bins, which they suggest may result from lower certainty of

source inversions in the first 10s. One question we therefore investigate in this work,

is whether this similarity is preserved at smaller (∼ M6) magnitudes.
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Meier et al. (2017) primarily use the Ye et al. (2016a) STF dataset. They do

look at the SCARDEC (Vallée et al., 2011) and Hayes (2017) datasets to confirm

their results, and do see some differences. The normalised STFs calculated from

the Hayes (2017) dataset are not as similar as those found from Ye et al. (2016a)

and Vallée et al. (2011) datasets. In particular, the smaller magnitude groups in

the Hayes (2017) dataset tend to have slightly later and higher amplitude peaks,

and a faster decline in moment-rate after the peak. They also show some evidence

of a low-moment-rate tail for the last 20% of the normalised duration. We will use

STFs from the three datasets used by Meier et al. (2017) as well as those produced

by the Sigloch group (following the method of Sigloch and Nolet, 2006) and the

ISC-PPSM STFs. We discuss these datasets further in Section 4.2.

4.1.2 The growth phase of STFs

Previous work using STFs to understand earthquake determinism has attempted

to look for a ‘growth phase’ of the STF. Melgar and Hayes (2019) calculated the

average moment-acceleration over the first 1–20 s of STFs, by linearly interpolating

between the moment-rate at zero-time and the moment-rate at the time in question.

They found that in the first 1–2 seconds, there is only a weak correlation between

moment-acceleration and magnitude. However, once 5 s of rupture has passed, they

find a clear log-linear relationship between moment-acceleration and magnitude.

They propose that this is a representation of a two stage rupture-initiation process

in which the rupture initially nucleates and ruptures of different final magnitudes are

indistinguishable. At some point, the rupture then organises itself into a slip pulse,

and this slip pulse has different properties depending on the final magnitude of

the event. This suggests that earthquakes are moderately to strongly deterministic

(See Section 1.2.8 in overall intro and Meier et al. (2020b) for discussion of this

definition). Meier et al. (2020b) disagree with the findings of Melgar and Hayes

(2019), for two main reasons. The first is that the linear interpolation approach to

understand the growth of the STF is only valid where the portion of rupture that is

of interest is the growth phase, which is unlikely for the longest time window (20 s)



4. STFs 88

and the smallest magnitude events. The second is that whilst the dataset contains

STFs from the SCARDEC, Ye and USGS datasets (see Section 4.2.6), the events

chosen from these databases are biased towards unusually long STFs. Meier et al.

(2020b) therefore repeat the analysis of Melgar and Hayes (2019). They find that

with STFs that have durations close to the expected duration, there is a qualitative

scaling between the final magnitude and the interpolated moment-acceleration

taken before the peak moment-rate is reached (events of close to typical duration

are defined as events with duration of 80–120% of the average duration of the

SCARDEC STFs of that magnitude). They repeat this with synthetic STFs based

on a simple self-similar crack model (quadratic growth, maximum moment-rate

at half-duration), and find that this scaling is no longer evident. They therefore

propose that earthquakes are, at most, weakly deterministic but that more work is

required to understand the ability of STFs to reliably resolve event onsets.

4.1.3 STF complexity

Alongside trying to understand the early moment-acceleration of different earth-

quakes, another area of interest is the varying complexity of STFs. Danré et al. (2019)

quantified the complexity of SCARDEC STFs and found that larger earthquakes

tend to have more complex STFs. To do this, they decompose the STF into discrete

Gaussian sub-events, by fitting every major peak in the STF in chronological order,

and each peak is a ‘sub-event’. In general, they find that M < 7 earthquakes

have fewer sub-events (mean 3.07) compared to major M ≥ 7 events (mean 5.84),

and find similar trends for the USGS dataset too, suggesting that earthquakes are

moderately deterministic. Generally, they find that strike slip earthquakes have a

stronger relationship between STF complexity and magnitude, perhaps due to the

constraint of the seismogenic width. Generally they found that sub-event moment

scales with earthquake moment: larger earthquakes have more and larger detectable

sub-events, opposing earthquake self-similarity.

We begin by outlining the different datasets we use and their approaches to

inverting for the STFs. We then investigate different approaches to determine
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the end of STFs. We can then finally arrive at the raison d’être of the chapter:

interrogating the STFs to understand patterns in moment release across datasets

and magnitude ranges. We frame this investigation around a number of questions:

• Are the median STFs of different magnitude groups similar?

• Are there qualitative patterns in the normalised median STFs with dataset or

magnitude?

• How are the early portions of moment released?

• Does the timing of the maximum moment release vary systematically?

• How do statistical measures of STFs vary?

• Are there patterns in STF complexity?

• What geometry best fits a STF?

• How are increments of moment released throughout an earthquake?

Finally, we attempt to tie our observations into a physical framework.

4.2 Different STF databases and their methods

In this work we use 5 different datasets of STFs, which are all calculated differently.

We aim to establish which STF characteristics are robust across inversion schemes

and thus are most likely to represent physical processes of moderate-to-large magni-

tude earthquakes. To do this, we must first understand how each dataset of STFs is

calculated. Each subsection is primarily based on one or two papers that describe

the methods used, and these are cited at the start of each method description.

4.2.1 SCARDEC

This subsection is based on Vallée et al. (2011) and Vallée and Douet (2016).

The SCARDEC method (Seismic source ChAracteristics Retrieved from DECon-

volving teleseismic body waves) aims to establish the double couple moment tensors

(strike, dip, rake) and depths of earthquakes in order to find the moment magnitude,

and uses teleseismic body-wave records. In doing so, it produces apparent source

time functions for the recording of an earthquake at each station and also reports

an ‘average’ STF for each event.
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4.2.1.1 Data

SCARDEC uses both compressional and transverse teleseismic (30° < ∆ < 90−95°)

waves of M > 5.8 events. Five phases are observed and modelled: P , PcP , PP , S,

ScS. Hereafter we follow Vallée et al. (2011) in referring to the P , PcP and PP

phases as ‘compressive waves’ and the S and ScS phases as ‘transverse waves’. In

large earthquakes, at least one of the core- or surface-reflected phases interferes

with the direct P or SH wave, making STF production difficult if only direct

phases are used. By modelling both direct and core- and surface-reflected waves,

and their interference, SCARDEC is able to produce STFs for events where these

arrivals cannot be deconvolved, such as large or very long duration events. Modelled

waveforms are generated using the method of Bouchon (1976).

4.2.1.2 Inversion method

The SCARDEC method for producing STFs is fundamentally a deconvolutional

approach, and makes no assumptions about rupture process. It has four main steps.

(1) Source duration is independently constrained from the high frequency waveforms

(1–3 Hz) for large earthquakes (M ≥ 7) and from the GCMT equation for duration

(Td = 4.5 × 10−6(M0)1/3) for earthquakes 5.8 ≤ M < 7 (2 x half duration given

in equation 1 of Ekström et al., 2012, after converting from dyne-cm to Nm). (2)

Synthetic double-couple point source signals are deconvolved from the low-pass

filtered observed transverse waveforms, whilst varying strike, dip, rake and depth

of the source. This gives (many) apparent STFs produced for each high-frequency

(non-low-pass-filtered) compressive waveform that has an appropriately clear signal

and for each plausible moment tensor-depth pair produced. (3) Search for the

optimal parameters which produce STFs which produce physically reasonable STFs.

There are three main properties of an acceptable STF at this stage: positivity,

causality and maximum duration equal to that calculated in step 1. The requirement

for causality arises from the directivity term always being shorter than the rupture

time for body waves. (4) Integrate the optimal STF to find the moment magnitude.

Steps 2 and 3 are then repeated using both compressive and transverse waves, to
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find the final apparent STFs. In doing this, an additional constraint is applied on

the STFs, that the moment is close to the median moment calculated in step 4.

SCARDEC uses a neighbourhood algorithm to optimize the strike, dip, rake and

depth of the earthquake, and to minimize the misfit between the data and synthetics,

and (with lower weighting) to minimize the differences between the apparent STFs

at each station. Transverse STFs are expected to vary more than compressive STFs

and thus are down-weighted in the misfit function. Acceptable final parameters are

those which lead to misfit values within 10% of the optimal misfit.

4.2.1.2.1 The SCARDEC product The SCARDEC method produces two

STFs, moySTF and optSTF. The so-called moySTF is the average of all ‘good’

apparent STFs, and represents the common behaviour. The optSTF is the apparent

STF that most closely resembles the moySTF. How ‘good’ each STF is determined

by the agreement between the observed waveforms and the synthetic waveforms

generated from the convolution of the apparent STF and the point source synthetics.

Good STFs are also required to be similar to the averaged STF.

SCARDEC routinely produces STFs for M > 5.8 earthquakes globally, and

releases the resulting STFs on a website.

4.2.1.3 Limitations

Whilst SCARDEC attempts to produce an STF for all earthquakes with M > 5.8,

there are some cases in which this is not possible. Between 1992 and 2014, it was

able to produce STFs suitable for release for about 50% of M > 5.8 earthquakes.

Two groups of factors prevent the calculation of a reliable STF: data availability

and source complexity.

To produce a reliable STF, there must be a sufficient number of stations with

high quality data. This can be a challenge with old earthquakes or events which are

preceded by a large earthquake (not necessarily nearby), where the data may be low

quality or contaminated. Similarly, earthquakes without enough P wave broadband

signals cannot have reliable apparent STFs estimated. This is particularly an
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issue for moderate-magnitude strike-slip earthquakes, due to the low radiation

coefficients (see e.g. Liu et al., 2023).

Complex earthquakes or earthquakes occurring in a complex structure are also

difficult to work with. Earthquakes that undergo a significant mechanism change

part way through (or even a relatively small mechanism change for strike-slip

earthquakes) have periods with very different radiation patterns. Earthquakes under

deep-water result in P wave broadband signals which are difficult to deconvolve

from point-source synthetics. Even when deep ocean events can be used to produce

STFs, they often have obvious water multiples, which we will return to in Section

4.3. It is also difficult to work with events that are anomalously long (> 200

s for M ≥ 7) and thus these are also excluded. Finally, it is hard to produce

reliable STFs for moderate magnitude events (5.8 ≤ M < 7) which are composed

of several sub-events (with a slightly broader definition of sub-event than Danré

et al. (2019)). This leads to a potential bias towards more simple moderate events,

which we will investigate further in section 4.4.6.

These factors compound to mean that older, moderate strike-slip earthquakes

are most likely to be removed from the analysis and thus are likely under-represented

in the catalogue.

Another limitation results from the alignment of the STFs. The zero time is

fixed by the first significant moment release of the optSTF, and thus the moySTF

may begin at negative times. Indeed, because the STFs going into the calculation of

the moySTF may not have been perfectly aligned, the early stages of the moySTF

are therefore likely to be less accurate.

4.2.2 Sigloch

The ‘Sigloch’ database comprises ∼ 4000 STFs generated by the Princeton, Munich

and Oxford Seismology Group working under the stewardship of Karin Sigloch

(Mohammadzaheri, 2019; Totten, 2021; Kemp, 2025) following the procedure

described in Sigloch and Nolet (2006). The STFs are a by-product of work to measure

finite frequency amplitude and traveltime anomalies for use in seismic tomography.
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4.2.2.1 Data

The Sigloch and Nolet (2006) method uses vertical-component, broadband, teleseis-

mic P wave recordings. Initially the method was applied to earthquakes between

M5.8 and M6.9, although the upper limit has been pushed to ∼ M7.2. The data

have the instrument response removed and are low-pass filtered at 3.5 Hz. Records

with epicentral distances between 35° and 80° are used.

Rather than computing a single global STF, data are divided into geographically

distinct groups (g) by clustering P waveforms based on their correlation. This also

enables the removal of anomalous traces. The seismograms within each group are

aligned in time using the cross correlation method of VanDecar and Crosson (1990)

allowing a single pick to be made to align a correlated group of waveforms.

4.2.2.2 Inversion method

The Sigloch and Nolet (2006) method is fundamentally a matched filter technique.

The best predictions for the observed broad-band wave shapes, s̃k, are found from

s̃k = akGkf = akuk, (4.1)

where f is the STF, ak is the amplitude anomaly (a scalar energy correction

factor for datum k) and Gk is an N × N convolution matrix where its rows

contain time-shifted and reversed copies of the Green’s function gT
k . The Sigloch

method uses WKBJ synthetics (Chapman, 1978) which allow for the modelling

of direct-P and depth phases.

Often, ak is taken to be 1, meaning that s̃k = uk. This predicts waveforms (S)

with shapes that match the observed sk well, but with energy contents that differ

from station to station (Ruff, 1989), since we are more likely to get the amplitudes

of the waveforms wrong than the shape. Varying ak allows for corrections to the

amplitudes. Thus, Sigloch and Nolet (2006) invert jointly for f and ak from the

observed seismograms (s with dimensions k ×1) which allows a significant reduction

in overall misfit. The minimisation is

e = min
(
(s − s̃)T (s − s̃)

)
, (4.2)
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where

s̃ =


s̃1
s̃2
...
s̃k

 =


a1G1
a2G2

...
akGk

f = Af . (4.3)

This is a non-standard linear least squares problem because f and ak multiply

each other. Sigloch and Nolet (2006) avoid this additional constraint by iteratively

solving equation 4.3 by ‘bouncing’ between finding f and ak, which avoids imposing

an additional normalisation constraint on either f or ak (Ruff, 1989). It is also

possible to regard the moment tensor as an additional unknown and invert for a

correction to the published solution as part of this process. The process is followed

separately for each group of seismograms, g.

First, solve equation 4.3 for f , assuming that ak = 1 for all k. Minimising e

(equation 4.2) is then a standard least squares problem which Sigloch and Nolet

(2006) solve using the LSQR algorithm (Paige and Saunders, 1982; Nolet, 1987).

This gives the damped solution

f =
(
ATA + ϵJ

)−1
ATs, (4.4)

where ϵ is the damping parameter and J is an N × N diagonal matrix where the

values increase linearly from 0 to the average diagonal value of ATA. ϵJ imposes a

penalty on later samples to favour short solutions and avoid oscillatory tails.

The estimates for f are now input into equation 4.1, and minimizing e (equation

4.2) again becomes a least squares problem, this time with a single unknown, ak,

ak = uT
k s̃k

uT
k uk

. (4.5)

This is the same RMS definition of amplitude used by Dahlen and Baig (2002).

The inversion process now iterates, and these estimates are used as ak in equation

4.3 to invert for the new f . Should the inversion also want to find a correction for the

published moment tensor, this is done between inverting for f and inverting for ak.

The process is repeated until the results converge or the STF develops a negative

tail whilst the RMS error decreases only minimally.
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4.2.2.3 Limitations

The inversion procedure requires N ≤ 256, and thus the resulting STF can be no

more than 25.6 s. This means no events longer than 25.6s can be modelled excluding

larger magnitude events from the dataset (since duration scales with magnitude, see

Section 3.3 and A.2) and also excludes unusually long smaller magnitude events.

There are no intrinsic motivations for the inversion to produce physically

acceptable STFs. Indeed whilst we expect the true STF to be non-negative, since

fault rupture is not thought to reverse direction, the inversion maps some source

related effects into the STF (f), so we expect some negative aspects. This is despite

the fact that clustering into geographically distinct groups accounts for some near

source effects, azimuthal dependencies and regional travel time anomalies.

STFs are produced for a range of source depths, to reduce reliance on external

parameters. Intially the depth associated with the absolute minimum RMS is

preferred, although this is evaluated by hand. As well as being as non-negative as

possible, the preferred solution is ideally as simple as possible (favouring unimodal

and short STFs over bimodal, oscillatory functions if the RMS is similar) and

ideally the STFs for different groups look similar. The desire for simple STFs

means that the dataset may be biased towards characterising events as a single

event, rather than multiple sub-events.

4.2.3 USGS

The dataset which we call ‘USGS’ is that available through the USGS-NEIC

combined slip-model catalogue. It is based on an approach first developed by Hayes

(2017) and extended and developed by Goldberg et al. (2022).

The USGS produces STFs as a by product of finite fault modelling, in which

they aim to match observed seismograms by modelling fault geometry and the

spatio-temporal evolution of fault slip. The USGS dataset initially relied on

inversion of body-wave and surface-wave records. This allowed the production

of a uniform catalogue of finite fault models (and thus STFs) for most M ≥ 7.5

shallow and intermediate depth earthquakes since 1990 (Hayes, 2017), and could be
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extended down to M7. Goldberg et al. (2022) updated the modelling to now also

incorporate Global Navigation Satellite System (GNSS) records, Interferometric

Synthetic Aperture Radar (InSAR) observations, and local-to-regional accelerometer

records. This allows the production of finite fault models down to M6. Note

that in Danré et al. (2019), the USGS data only contained the original Hayes

(2017) teleseismic STFs.

4.2.3.1 Data and weightings

The USGS inversions use a number of data-sources, which are briefly described

here, based on Goldberg et al. (2022). The data-sources are not weighted equally

in the inversion, and in addition to the weightings detailed below (Table 4.1),

individual records can be down-weighted or removed based on signal-to-noise ratio

or inconsistency with nearby observations.

Teleseismic body waves P and SH waves are used, bandpass filtered between

1 and 200 s (0.005–1 Hz). Data are chosen to produce an azimuthally balanced

dataset and to avoid low signal-to-noise data. Teleseismic P waves are given twice

the weighting of teleseismic SH-waves, due to SH waves often having lower SNR

and more uncertain arrival times.

Teleseismic surface waves Both Rayleigh and Love wave records are used,

bandpass filtered between 200 and 500 s (0.002 and 0.005 Hz). These are given

twice the weight of teleseismic P waves, as their Green’s functions are more reliable

than for body waves (Shao et al., 2011).

Local-to-regional strong motion accelerometers To avoid needing to remove

coseismic offsets, these are processed as velocity data rather than displacement data.

They are bandpass filtered between 8–50 s (0.02 and 0.125 Hz), and are given the

same weight as teleseismic surface waves in the inversion.
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GNSS Two types of GNSS data are used: static and high-rate, and both are

initially processed to displacement, the vertical and horizontal components of each

are weighted differently. Both horizontal GNSS datasets are weighted equally to

local-to-regional accelerometer data and teleseismic surface waves. Vertical high-rate

data are given one-third of this weighting (see e.g. Bock et al., 2011, for vertical GNSS

accuracy discussions) whilst vertical static data are given one-half of the weighting.

InSAR Any available InSAR (ascending or descending) can also be used in the

inversion. Processed InSAR can have spurious features in the far-field, and these

are removed as part of the inversion. InSAR observations are again given the

same weighting as teleseismic surface waves.

Table 4.1: Weighting of different data sources in USGS inversion.

Method Weighting
Teleseismic P waves 2
Teleseismic SH-waves 1
Teleseismic surface waves 4
Local strong motion accelerometers 4
Horizontal static GNSS 4
Vertical static GNSS 2
Horizontal high-rate GNSS 4
Vertical high-rate GNSS 4/3
InSAR 4

4.2.3.2 Inversion method

The inversion method uses a non-linear inversion in the wavelet domain, based on

that described by Ji et al. (2002). This first divides the observed waveform into

a sum of wavelets, which allows for both frequency and time domain information

to be included in the inversion. The minimization problem then attempts to

minimize the difference between the observed and synthetic waveforms and wavelets,

with a higher weighting given to higher frequencies (since low and high frequency

wavelets have different amplitudes, and it is the high frequencies which highlight

the differences in rise-time).



4. STFs 98

To produce the synthetic waveforms, the approach of Hayes (2017) and Goldberg

et al. (2022) models slip amplitude, rake, rupture time and rise time on a discretised

fault plane made up of smaller sub-faults. The heat-bath simulated annealing

method (Rothman, 1986) is used to randomly perturb the sub-fault parameters

until the global minimum of the misfit is found.

Initial Parameters The code initially takes a moment-tensor defining the two

nodal planes and the centroid location. Both nodal planes are tested. In most cases,

a preferred solution is found from one of the nodal planes, but occasionally both are

presented. The centroid location identifies the centre of the modelled fault plane,

following Koch et al. (2019). The modelled fault plane defines the area over which

slip can occur, as opposed to being an estimate of the ruptured area, which is initially

estimated from the scaling relationships of Blaser et al. (2010). The modelled fault

plane is initially divided into 225 sub-faults of equal size, though this can be varied

during the inversion to allow better resolution of slip asperities. Each sub-fault’s

STF is modelled as an asymmetric cosine function. The rupture velocity can be

constant or variable, and a range of velocities (and velocity patterns) are modelled.

4.2.3.3 Comparisons and Limitations

Goldberg et al. (2022) compare their resulting STFs (which use all of the outlined

datasets) to those which are calculated only using teleseismic records (following

Hayes (2017)), and find that the STFs are relatively similar. This is good news, since

the other datasets we consider in this paper use only seismological data. The most

difference arises when the teleseismic data is poor. Indeed it is possible for joint

geodetic-seismological inversions to produce STFs for events where other datasets

cannot. As discussed in 4.2.1 it is difficult to produce an STF for earthquakes where

there is another large event in the hours preceeding, due to the contamination of

the teleseismic data. The introduction of geodetic and local-to-regional seismic

data allows the slip of these events to be modelled.

Whilst the modelling allows for significant deviation of the modelled parameters

from their initial values, some bias is always possible particularly when fault
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geometry is over-simplified. Similarly, whilst objective weightings of the different

datasets are used in the inversion, the quality of the inversion depends on how well

these weightings work for a particular earthquake. Given the varied instruments

used worldwide, and the differences in instrument spacing, it is possible that the

weightings used in Goldberg et al. (2022) inadvertently introduce more uncertainty

for earthquakes in specific regions.

In May 2021, the USGS switched from reporting STFs in dyne-cm to Nm.

Two earlier events are also posted in Nm (2004 Sumatra and 1995 Gisborne,

New Zealand).

4.2.4 Ye et al. (2022)

Ye et al. (2016a) developed a dataset of 114 STFs to analyse source parameter scaling

relationships (Ye et al., 2016a) and depth dependence of rupture characteristics

(Ye et al., 2016b) across a uniformly inverted, global dataset.

4.2.4.1 Data

The Ye et al. (2016a) approach uses primarily teleseismic P waves, with occa-

sional use of teleseismic SH wave data. The data are bandpass filtered between

0.005 and 0.9 Hz.

4.2.4.2 Inversion method

The inversion uses a least squares kinematic inversion (Kikuchi and Kanamori, 1991),

which is similar to that of Hartzell and Heaton (1983). The method of Kikuchi

and Kanamori (1991) considers the seismic source to be a series of point sources.

By minimizing the difference between the observed waveforms and those modelled

from a sum of point sources, the solution in the space-time domain is found for all

sub-events (i.e. what the slip looks like for each location and each time). The focal

mechanism for each source is determined as part of the inversion. Ye et al. (2016a)

constrain the STF and slip model to be positive and for the rupture front to expand

at a constant velocity. They model the fault as a planar fault divided into sub-faults

and the STF of each sub-fault is parameterised by several overlapping triangles.
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The total moment is found to minimize the difference between the inverted total

seismic moment, and the GCMT moment estimate which is calculated from long

period seismic waves (40–350 s). This moment constraint stabilises the inversion

and allows for the use of sub-faults with smaller grid spacing.

Unless modelling results present a case for deviation, the hypocentral depth

is initially based on USGS-NEIC estimates and the fault geometry is based on

the best GCMT double-couple solution. Where rupture velocity estimates are

available, these are used, and if not modelling is conducted with a range of velocities

(Vr = 2.0, 2.5, 3.0 km s−1), although this makes little difference to the final STF.

The final STF is determined from combining the sub-fault STFs, and is fault per-

pendicular.

4.2.4.3 Limitations

The constraints on the inverted moment generally lead to a final inverted moment

within 20% of the GCMT moment. For earthquakes M < 7.4, the inverted moment

is systematically higher than GCMT. This trend likely results from the different

source regional crustal models used: GCMT uses PREM (Dziewonski and Anderson,

1981) whilst Ye et al. (2016a) uses Crust 2.0 (Bassin et al., 2000) and 1-D layered

Green’s functions found using the propagator matrix method (Bouchon, 1981). The

moment estimate for these earthquakes is also influenced by the more compact

source than for larger earthquakes, which means that variations in source centroid

depth may be more important and due to low moment regions being more impacted

by the positivity constraint. In our calculations we therefore avoid using magnitudes

calculated directly from the inverted moment, instead using either the GCMT

magnitude or the absolute value of moment released (and considering portions

of moment release relative to this).

Ye et al. (2016a) note that the STFs produced have a bias towards being

longer in duration, thanks to the positivity constraint. Some STFs also have long,

low-amplitude tails due to inaccuracies in modelling the coda which arises from

water multiples and late scattered waves.
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The Ye et al. (2016a) dataset produces STFs for 114 of the 390 total M ≥ 7

events 1990-01-01 to 2015-07-31. There are several reasons for earthquakes to

be removed which are predominantly data based. Events with limited azimuthal

coverage of data are unable to be modelled, as are earthquakes where the teleseismic

recordings have low signal-to-noise, primarily due to being preceeded by a large

event. Events which have unusually strong water and sediment multiples are also

removed, where the authors were ‘unable to model [these] satisfactorily’.

The STFs are more likely to be a robust representation of the true STF for events

on relatively simple faults, due to the planar fault constraint and thus we might

expect a bias away from earthquakes in more complex structures. Similarly, more

complex ruptures are likely not as well modelled by a constant rupture velocity, and

so we might expect to see fewer clear sub-events, and a trend towards simpler STFs.

4.2.5 ISC-PPSM

The International Seismological Centre Probabilistic Point Source Model (ISC-

PPSM) approach solves for earthquake moment tensor, STF and source depth

for global Mw 5.8 – 7.2 earthquakes. The inversion methodology solves for the

earthquake point source, and its uncertainty, using a Bayesian direct search approach.

As the method solves directly for the STF, this reduces the trade-off between STF

length and earthquake depth. For ease, we refer to this method as the ‘ISC’

method here-after.

4.2.5.1 Data

The method uses teleseismic broadband P and SH observations.

4.2.5.2 Inversion Method

The ISC inversion describes the earthquake as a point source, which is fully described

by 18 parameters. The parameters describe the depth (1), the moment tensor (5)

and the discretised STF (12). The earthquake is constrained to have a symmetrical

moment tensor and is parametrised as described in Tape and Tape (2012) and

Tape and Tape (2015). This reduces the number of parameters required to describe
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the symmetric moment tensor from six to five. (The requirement for symmetry

means that the earthquake exerts no net torque (Julian et al., 1998)). The STF

is discretised either as the sum of 12 harmonic basis functions (following Stähler

and Sigloch, 2014) or into a sum of 4 Gaussians and each Gaussian can vary in

amplitude, width and relative timing. Therefore 12 or 10 parameters are required

to describe the STF respectively. The basis functions of Stähler and Sigloch (2014)

are found from the 1000 of the most confident Sigloch STFs. The zeroth wavelet

(s0) is found as the mean of these 1000 STFs at each time. This was then subtracted

and principal component analysis used to find the function s1 orthonormal to s0

that explains as much of the variance as possible. The optimally weighted s1 is

then subtracted from each STF and s2 is found such that it is orthonormal to s0

and s1, and can explain as much of the remaining variance as possible. This is

repeated until there are as many components as time-points (256). The top twelve

form the basis used to define new STFs, which results in a root-mean-square misfit

in total signal variance of less than 10% (Stähler and Sigloch, 2014).

The 16 or 18-dimension parameter space is explored using the neighbourhood

algorithm adaptive grid search (Sambridge, 1999) to find the parameters which

most closely reproduce the observations. The resulting sample set is then assessed

using an MCMC approach (Goodman and Weare, 2010; Foreman-Mackey et al.,

2013). A priori constraints are imposed that ensure the earthquake source model

is physically realistic and encourages a double-couple moment-tensor. This means

that any non-double couple solutions are likely important: the waveforms may

be very noisy, the 1-D velocity structure may be inadequate or there may truly

be an implosive or explosive component.

The posterior likelihood is based on correlation between observed broadband

P and SH waveforms and synthetic seismograms. The synthetics are calculated

using WKBJ methodology for P waves and Instaseis for both low-pass P and SH

waves (Chapman, 1978; Van Driel et al., 2015).

The Wentzel–Kramers–Brillouin-Jeffreys (WKBJ) method for solving non-linear

second-order differential equations allows the simulation of synthetic P waves
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(Chapman, 1978). If we have an equation

d2ϕ

dx2 + ω2s2ϕ = 0, (4.6)

where s = s(x) is a complex function such that s2 is monotonically increasing with x,

and where ω is large and positive, we can begin by assuming that the solution is of

the form ϕ = eiωτ(x), where τ(x) is an unknown complex function. By substituting

this into equation 4.6, this equation can be solved through successive approximation.

The seismological case is certainly more complicated to look at, since the analogous

equation to equation 4.6 arises from the substitution of Legrendre polynomials into

the wave equation, but a similar principle is applied (Box 9.6 Aki and Richards,

2009). This method allows us to propagate turning waves.

Meanwhile, Instaseis calculates broadband seismograms and allows for rapid

simulation of seismograms thanks to the production of Green’s function databases

using AxiSEM and the reciprocity of the Green’s functions. The Green’s functions

are generated at high-frequencies and are 4th order accurate in space and the

simulations can be conducted with a 2D velocity model (Van Driel et al., 2015)

The inversion returns an ensemble of potential earthquake point source models,

from which the average of the likely solutions and a measure of the reliability

of the result are derived.

4.2.5.3 Limitations

Like with the Sigloch dataset, the ISC STFs are limited to durations less than 25.6

s. The ISC STFs found using the Stähler and Sigloch (2014) method inherit some of

the assumptions and tendencies of the Sigloch method, since Sigloch STFs are used

to find the basis functions. STFs found using this method tend to be very unstable.

The approach jointly inverts for the earthquake depth and STF, as previous

work has shown that depth trades off with STF complexity (Houston et al., 1998;

Houston, 2001; Persh and Houston, 2004; Tocheport et al., 2007). The ISC method

is designed to add depth resolution by addressing this trade-off directly in a Bayesian

inversion. The depth resolution comes from the depth phases in the waveforms.
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This trade-off is mainly a feature of relatively shallow (< 40 km) earthquakes.

We return to this in Section 4.4.6.4.

4.2.6 Dataset statistics

Across all these datasets, we have 5123 events from around the world which have one

or more usable STFs. Most of our STFs come from the SCARDEC catalogue, with

4083 events having STFs in this dataset. Also providing a significant number of STFs

is the Sigloch catalogue with 2565 STFs. The USGS (n=246), ISC (n = 147) and Ye

(n = 109) catalogues do not provide as many STFs. Many events occur in multiple

catalogues. Figure 4.2 shows how many events occur in different combinations of

STF databases. The databases have different magnitude ranges (Figure 4.3), which

contributes to the different numbers of events they provide STFs for (Table 4.2).

Table 4.2: Number of events and individual STFs in different magnitude bins.

Magnitude Events STFs

5.00–5.25 5 5
5.25–5.50 33 33
5.50–5.75 115 204
5.75–6.00 1506 2977
6.00–6.25 1242 3029
6.25–6.50 837 2129
6.50–6.75 479 1227
6.75–7.00 309 824
7.00–7.25 158 434
7.25–7.50 87 242
7.50–7.75 57 175
7.75–8.00 35 111
8.00–8.25 15 48
8.25–8.50 7 24
8.50–8.75 1 3
8.75–9.00 1 3
9.00–9.25 1 3
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Figure 4.2: Proportion of events occurring in different combinations of STF catalogue.



4. STFs 106

Figure 4.3: Magnitude distribution of each dataset.
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4.2.7 Summary of advantages and disadvantages of each
method

The different methods to invert for STF have different advantages and disad-

vantages, which might lead us to have different levels of trust in the various

analyses we undertake.

Some methods invert for source depth as part of the STF inversion (ISC, Sigloch)

or allow for some variation of the source depth away from published (e.g GCMT)

estimates (Ye). These might lead us to have more trust in any observed patterns

with depth from these methods.

Some methods use a rupture velocity as part of the inversion. The USGS

method allows for this to vary in time in contrast to the Ye method which only

considers constant rupture velocities. Therefore we might trust the timing of features

more in the USGS results. Other methods require the assumption of the local

velocity structure (ISC, Sigloch, SCARDEC). By clustering into geographic groups,

the Sigloch method allows for regional travel time anomalies which may just be

averaged out in the other methods. It also potentially accounts for or adds first

order constraints on directivity. This also may make the timings more reliable in

the Sigloch results. The Sigloch method also explicitly allows for source directivity.

Different methods have different reliance on the point source assumption. Both

Ye and USGS model the fault as a series of small subfaults, but the Ye method

imposes a relatively simple and planar fault geometry, which may reduce overall

STF complexity. SCARDEC defines ‘good’ STFs as those that when they are

convolved with point source synthetics, give a result which is close to the observed

waveforms. This may serve to reduce STF complexity, as more complex STFs may

not match the observations as closely when convolved with point-source synthetics

compared to if they were convolved with more complex synthetics.

Complexity can also be impacted by other aspects of the inversion process. The

Sigloch STFs are preferred to be simple and smooth and thus likely under-represent

true source complexity. On the other hand, ISC STFs are composed of the sum of

four Gaussians and thus may add unecessary complexity to simple events. There is
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no obvious impact of the SCARDEC method on STF complexity, since the method

explicitly allows for several episodes of moment release, but there is a bias against

complex, moderate magnitude events being included in the dataset.

Finally, different methods take different approaches to producing the ‘final

STF’. Some (average SCARDEC, ISC) require averaging either across stations

or the ensemble, which could impact the STF. In particular this likely impacts

early times of the average SCARDEC STF, where the STFs were not aligned

perfectly in time. Meanwhile the Sigloch dataset simply produces STFs for each

of the geographic groups it considers, without averaging. This means that the

STFs are likely a truer representation of the fault processes as viewed from that

region, but may not represent the overall earthquake evolution. At the extreme

of this, the optimal SCARDEC STF is the best fitting STF from a single station.

This makes the early portion of the STF more reliable but the STF may not be

representative of the whole rupture.

We will return to some of these advantages and disadvantages in the discussion,

where we will reflect on the reliability of our answers to the questions we posed

in the introduction (Section 4.1).

4.3 Can we automatically define the end of an
STF?

Now that we have defined datasets, we are nearly ready to probe the patterns

in moment release across STF datasets and magnitude ranges. But in order to

understand STF characteristics, we must first determine when they end. This

will allow us to divide the STFs into different temporal segments and to look at

features of the beginning, middle and end of the STFs.

Given a theoretical STF, we might define the start of the STF to be the first

point where the Ṁ ceases to be 0, and similarly define the end as the time at which

Ṁ returns to 0. Unfortunately, with real data it is not this simple.

As discussed previously, STFs can have artificially long tails which for a whole

range of reasons resulting from both the data (e.g. complex reverberations due
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to sediment and water) and due to the inversion process (e.g. due to positivity

constraints, failure to fully remove near source effects). These tails are often low

amplitude, but sometimes have a higher amplitude peak, or peaks (see Figure 4.4

and Figures B.1–B.10 for example STFs). Where there are multiple peaks, these

are noticeably evenly spaced in time. These are water (or sediment) multiples, and

we want to remove these as they do not reflect source processes. These factors

mean that durations which rely on Ṁ reaching zero will tend to be longer than the

true STF duration, and we do not expect this variation to be necessarily uniform

or to scale with magnitude. Therefore we want to explore how else to determine

the end of the STF. Yin et al. (2021) classify approaches to determining duration

into three groups: moment-based (Houston, 2001), threshold-based (Vallée, 2013;

Denolle, 2019) and centroid-based (Meier et al., 2017).

To negotiate the difficulty in ascertaining the end of an STF, Meier et al. (2017)

choose to normalise by twice the centroid time, where the centroid time is the

time of maximum moment release, given by

tcentroid =
∫∞

0 tṁdt∫∞
0 ṁdt

. (4.7)

As Meier et al. (2017) note, the centroid times are much less affected by poorly

constrained tails. The centroid time can also be considered as the first statistical

moment, or mean, of the distribution. However, whilst this potentially works well

for smooth STF determinations, for very skewed or complex distributions, this may

not be the best or most accurate metric. There is also a difference between defining

a duration for normalisation (as Meier et al. (2017) do), and defining a duration to

cut off spurious tails and multiples. It is in the latter that we are most interested,

and thus we must look to other approaches to define the ‘end’ of the STF.

We define three potential threshold-based ‘ends’ and compare these to our

manual interpretation of the STF:

1. moment-rate reaches 0,

2. moment-rate goes below 0.01 times the maximum moment-rate,
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3. moment-rate goes below 0.1 times the maximum moment-rate, and over 50%

of the total area (moment) has been released.

In Figure 4.4, we show the STFs generated from a single earthquake, and the

automatically interpreted ends. Figures B.1–B.4 show these for a number of other

events. In the discussions that follow, we refer to the ‘interpreted moment’ to be the

moment found from the integral of the STF, whilst the ‘total interpreted moment’

is that found from the STF without any trimming. The ‘true moment’ is that

determined from other methods and scales with MW . Most methods constrain the

STF to have a ‘total interpreted moment’ which is close to the ‘true moment’ (see

Section 4.2 for more detail on each method’s approach). For events where the end

interpreted through all three approaches are the same, we expect the interpreted

moment and total interpreted moment to be the same and this should ideally equal

the true moment. For events with significant multiples, the interpreted moment will

be much less than the total interpreted moment, and the STF may need rescaling

such that the interpreted moment equals the true moment. For the ISC and Sigloch

data, we set any negative moment-rates to zero before integrating.

Interpreting the end through approach (1) has two main flaws. One which occurs

with all datasets is that any spurious tails and water multiples are included, which

makes the calculated duration longer than the true duration, as we expected. The

other is that the Sigloch data never reaches zero. Therefore the end interpreted by

(1) is always at the maximum time of 25.6 s (note this often occurs at times greater

than the maximum limit of the x-axis of the figures). This is obviously incorrect.

The Sigloch data suffers similarly when determining the start of the STF. Unlike all

the other datasets, where we can define the start as when the moment-rate deviates

from zero, for Sigloch we must define a threshold of when the moment-rate exceeds

5% of the maximum moment-rate, as all values in the STF file are greater than zero.

If we use a slightly more lenient threshold (2), the durations become slightly

more sensible. The worst offenders of the long, low moment-rate tails are now

removed, and some of the water multiples are removed. However, placing the

threshold at 1% of the maximum moment-rate means some events with multiples
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Figure 4.4: Normalised STFs of the 2010-02-05 southeast Indian Ridge M6.2 earthquake.
The SCARDEC STFs show clear multiples which we do not want to be included in our
duration estimates. The end from approach 1 is dotted, approach 2 in a dot-dash line
and approach 3 in a dashed line. Approaches 2 and 3 are always shown on the figures,
but may appear hidden by another line (line 1 is hidden by line 2 in the second panel,
but is off the limit of the axis in the third panel).
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are not appropriately cut, as the moment-rate does not drop this low before the

multiple ‘arrives’. Indeed, Denolle (2019) define the end as the last time that the

moment rate dips below 10% of the maximum and even this includes multiples.

Our final approach is based on the USGS interpreted ends (United States

Geological Survey, 2025), and discussion with Gavin Hayes (personal communication,

2024). In this, we wait for the moment-rate to drop below 10% of the peak moment-

rate. However, with this condition alone, events which start slowly, or make a bit

of a ‘false start’ before getting going are interpreted to have very short durations.

Thus, we add an additional constraint that over 50% of the area under the curve

must have occurred before the interpreted end. This threshold was determined

based on the observation that even events with several, high-amplitude, multiples

have less than 50% of their area contained in these.

We find that 82% of events have an ‘interpreted moment’ which is at least 90%

of the ‘total interpreted moment’. Figure B.5 shows that events have on average

released 96% percent (median; 92% mean) of their total moment (found from the

area) by the interpreted end time, and that there is a weak correlation (α = 0.05)

between the ratio of the interpreted and total interpreted moment and magnitude

( interpreted moment
total interpreted moment = 0.011M + 0.852, Spearman R: 0.119, p-value: 1.73 × 10−32).

That we tend to ‘cut-off’ more of smaller earthquakes is not unexpected; for smaller,

shorter earthquakes the multiples are more likely to occur after the true end of the

STF, and thus we can cut these off. For larger, longer earthquakes, multiples of the

first P wave arrivals may arrive before or during the S wave arrival and coda, and so

are hidden inside the STF. We note that durations determined with this approach

are often slightly shorter than those we would manually interpret, but are much

closer than those we find from approaches 1 or 2. The events which are cut with a

very high proportion of their area remaining tend to be highly complex, and so it is

difficult to manually interpret where the STF ends and any multiples or artefacts

begin (Figures B.6–B.8). On balance, we therefore continue with approach 3.
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4.4 Interrogating our STFs

We now begin to address the questions we posed in Section 4.1.

In Section 4.4.1 we investigate whether the median STFs of different magnitude

groups are similar, as a test of earthquake self-similarity with varying magnitude.

In Section 4.4.2 we normalise the STFs to look for patterns in the STFs independent

of maximum moment release or duration, to further test self-similarity and the role

of dataset on STF shape. In Section 4.4.3 we ask whether the early portions of

moment release vary with magnitude to understand the extent to which STFs can

provide insights into earthquake determinism. In Section 4.4.4 we look for patterns

in the timing of maximum moment release with earthquake magnitude and depth,

to understand the suitability of centroid time as a measure of the STF. We continue

this line of thinking in Section 4.4.5 where we calculate the skew and kurtosis of the

STFs with magnitude and depth. In Section 4.4.6 we quantify the complexity and

number of peaks in STFs and look for patterns with magnitude and dataset. This

gives insight into the suitability of simple Gaussian STFs for rupture modelling,

and into the robustness of STF complexity as a measure of earthquake complexity.

We follow this by fitting geometric models to the STFs in Section 4.4.7 to define

simple stages in the STF evolution. Finally, in Section 4.4.8 we quantify these fits

by analysing how quickly different increments of the total moment are released.

4.4.1 Are the median STFs of different magnitude groups
similar?

Meier et al. (2017) observe that the average STFs all have a similar with ‘near-

triangular and almost symmetric shapes’ (p. 1277 and Figure 2A). This is based

solely on the M ≥ 7 Ye dataset, and so we would like to know if the same is

true for 1) other datasets in the same magnitude range and 2) smaller magnitude

earthquakes. In Figure 4.5a, we show a modified version of Figure 2A in Meier

et al. (2017), where events are binned into M0.25 bins rather than looking for the

25 events closest in magnitude to different target values. This means that each

event is included in just one group. The effect of this change in approach is most
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obvious for M ≥ 8 events, which have much higher amplitudes than the Meier et al.

(2017) figure would suggest. We apply our definition of the end to the STFs plotted,

and this produces the more abrupt cut-offs than shown in Meier et al. (2017).

Just like Meier et al. (2017), we see a general trend of relatively constant early

moment-acceleration, both using solely the Ye dataset (Figure 4.5a) and using all

datasets (Figure 4.5b). There are a few deviations from this behaviour. Firstly,

the M8.25–8.5 bin has a much lower early moment-acceleration than the other

bins. The low number of events in Figure 4.5a makes this difficult to interpret,

but in Figure 4.5b, the M8.25–8.5 bin now has n = 24 but still shows a lower

moment acceleration than the other groups, suggesting this may be a robust feature.

We also note an unusual feature where the M7 to M8.25 bins all have similar

shapes except for the M7.5–7.75 bin which has a much later peak, and a slower

moment-acceleration rate. Both of these features persist when we use all 5 datasets,

however, one feature does change: the duration of the median STF for the M8–

8.25 bin is much shorter when using all 5 datasets compared to using just the

Ye dataset, and indeed is the same duration as the M7.75–8 bin, which does not

change when changing the underlying data.

Given the vastly different moment-rates and durations involved in M5 vs M9

ruptures, it is difficult to include all magnitude bins on one plot. Therefore in

Figure 4.6 we plot just the M5–7.25 events. Generally, the median STFs still

have a similar shape to those of the M ≥ 7 events, but are smoother and simpler.

There is also clearly more variation in the early moment-acceleration, with larger

events accelerating much faster. M < 6.5 groups also generally show a kink in the

median STF, where moment-rate seems to plateau for a fraction of a second before

accelerating once again. We return to this kink in Section 4.5. In Figure 4.7, we

show the first 3 seconds of the median STFs for all magnitude bins, and we can see

that smaller events have lower moment accelerations in their initial phases. The

trend in the early moment acceleration is likely obscured in Figure 4.6a due to the

long duration of the STFs relative to the 3 s window in Figure 4.7.
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(a) Ye et al. (2016a) dataset.

(b) All 5 datasets.

Figure 4.5: Median STF for M ≥ 7 events calculated in M0.25 bins. Panel a is
comparable to Figure 2A of Meier et al. (2017). See Figure 4.7 for a zoom of the first 3
seconds of panel b.
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Summary

• Median STFs have broadly similar shapes (until M ≥ 8.25 where n is small).

• STFs of smaller earthquakes start more slowly.

4.4.2 Are there qualitative patterns in the normalised me-
dian STFs with dataset or magnitude?

Manually examining the shapes of the ∼ 12000 STFs from the 5 datasets, we see

significant variation, including features like the number, amplitude and timing of

peaks. However, there are too many events to individually look at. A common

approach is to average STFs in different magnitude bins, to allow us to compare

behaviour between earthquakes of different magnitudes. In this work, we also want

to look at variations across datasets, and this is where we begin.

4.4.2.1 Average STF for each dataset

In Figure 4.8 we show the ensemble of the normalised STFs from each of our datasets

(in grey), and the median calculated from each of these (blue). With the exception of

the ISC dataset, the results seem to have several commonalities. This is more obvious

in Figure 4.9 where we plot the median STFs for each dataset on a single plot. Other

than the ISC dataset, the median STFs have a single peak, which occurs between

45% and 60% of the normalised duration. This result is similar to the findings of

Meier et al. (2017), who found that the peak moment rate for median normalised

STFs of M7-8.5 earthquakes fell between 35% and 55% of the total duration.

One interesting comparison is between the optimal and average STFs from

SCARDEC (scardec_opt vs scardec_moy). The median of the average SCARDEC

STFs has a later peak, and has very slow moment-rate for the first 10–20% of

the normalised time. The median optimal STF meanwhile is broader, and looks

more similar to the median Ye STF. The average SCARDEC median STF also has

much more of a kink in the gradient at early stages than the optimal SCARDEC

median STF, which is more linear.

Before taking the median, we choose normalise so that the peak moment-rate

of each STF is 1. Therefore the peak value of the median STF tells us about
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(a) M5–7.25 events.

(b) Zoom of the early stages of panel a.

Figure 4.6: Median STFs calculated using all 5 datasets for M5–7.25 events.



4. STFs 118

Figure 4.7: The first 3 s of moment-rate for the median STF of each magnitude bin.
Cooler colours are smaller magnitudes.
Numbers of events in each bin: M5.0–5.25: N = 5; M5.25–5.5: N = 33; M5.5–5.75:
N = 204; M5.75–6.0: N = 2977; M6.0–6.25: N = 3029; M6.25–6.5: N = 2129; M6.5–
6.75: N = 1227; M6.75–7.0: N = 824; M7.0–7.25: N = 434; M7.25–7.5: N = 242;
M7.5–7.75: N = 175; M7.75–8.0: N = 111; M8.0–8.25: N = 48; M8.25–8.5: N = 24;
M8.5–8.75: N = 3; M8.75–9.0: N = 3; M9.0–9.25: N = 3.



4. STFs 119

Figure 4.8: The median normalised STF for each dataset’s STFs (blue). In grey, we
show all STFs from that dataset.
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Figure 4.9: Compiled median normalised STFs.
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how varied the positions of the peaks are in the normalised dataset. A theoretical

dataset where the peak moment rates all occur at the same normalised time would

have a median normalised STF peak with amplitude 1. More variation in the

peak position leads to lower peak moment-rates of the median STF. The Sigloch

dataset has a significantly higher peak value (Figure 4.9). This suggests that the

STFs are more similar to each other compared to other datasets, and their peak

timings are more closely aligned. This is also evident in Figure 4.8e, where there is

a clear tract where most Sigloch STFs fall. The USGS median STF shows more

of a plateau at its peak compared to the other datasets, which makes sense given

the relatively large distribution of the observed STFs in Figure 4.8d. This may

partly result from the larger magnitude events in the USGS dataset and the paucity

of moderate magnitude events compared to the other datasets (apart from Ye).

The ISC, Sigloch and SCARDEC datasets are dominated by moderate magnitude

(M5.8–7) events, since these occur more frequently.

We have discussed the similarities between the SCARDEC, Ye, USGS and

Sigloch datasets, however the ISC is a notable outlier. The median STF (pink,

Figure 4.9) has two clear peaks, one at ∼ 10% duration, and the second aligned with

the other datasets at ∼ 50% duration. This early and abrupt moment-acceleration

is also evident in Figure 4.8f, where there is a relatively high density of STFs

with very high initial moment acceleration.

The bimodal shape of the median ISC STF could arise from a number of

factors. At least in part, it likely arises due to the STFs being formed from sums of

Gaussians or harmonic basis functions which often have relatively abrupt onsets

and lead to STFs with periods of low moment-rate. The STFs found using harmonic

basis functions are often unstable (Garth, personal communication, 2025) and

have periods of negative moment rate. The inversion also incorporates features

that the Green’s function does not resolve into the STF, particularly since the

Green’s function is determined using a 1-dimensional velocity model. As the

ISC dataset is a beta-dataset, incorporating both STFs composed of Gaussians

and those composed of harmonic basis functions, it is difficult to constrain the
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relative impact of these different factors. As a result of these different factors

we are hesitant to make any physical interpretation of the rapid moment-rate

onset and bimodal shape of the STF.

4.4.2.2 Effect of magnitude on the median STF

As well as looking at variations between datasets, we also consider the effect of

magnitude on the average STF shape. Figure 4.10 shows the median STF for

0.1 magnitude unit bins. Whilst there is a relatively high degree of scatter, the

variation is among bins with fewer than 100 STFs (dashed). The solid lines form a

clear, relatively uniform shape. The smaller magnitude events (cool colours), have a

narrower but higher peak, suggesting there is less variation in the timing of the peak

moment-rate or that STFs of small earthquakes tend to have a single peak and that

large earthquakes have more peaks. This might suggest that smaller events tend to

be simpler and have less variation in their evolution. For all the groups containing

more than 100 STFs, the peak of the median STF occurs at about 0.54 (mean) of

the duration (range 0.45–0.61, standard deviation 0.037). Figures B.11–B.16 show

the median STFs by magnitude for individual datasets (blue), and the STFs which

went into the calculation of each of the medians (grey). These figures highlight that

the features we see in Figure 4.9 are not driven by events of particular magnitudes

and instead are driven by differences between the datasets.

Summary

• SCARDEC, Sigloch, USGS and Ye STFs all have a single peak in their median

STF between 45–60% of the normalised duration.

• SCARDEC average STF starts more slowly and peaks later than the optimal

STF.

• Maximum median normalised moment rate is higher for the Sigloch dataset

than the other datasets.

• Smaller magnitude events have a narrower but higher peak moment rate in

the median normalised STF
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Figure 4.10: The median STF shape for M0.1 bins. Cool colours are lower magnitudes
and warmer, lighter colours are higher magnitudes. Dashed lines show bins with fewer
than 100 earthquakes.
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4.4.3 How are the early portions of moment released?
4.4.3.1 Moment released in absolute windows of time

Danré et al. (2019) identify that measurements of the first sub-event allow the

statistical inference of the ‘future number and size of sub-events’ and thus the final

earthquake magnitude. In a similar vein, we would like to know whether the moment

released in an absolute window of time (e.g. 1 s) has a statistical scaling with

the final magnitude of the earthquake. In Figures 4.11–4.14, we plot the absolute

moment released in one and three seconds respectively against the total moment

(see Figures B.17–B.24 for 2, 4, 5 and 10 s windows). In both windows, all datasets

except USGS have a statistically robust relationship with magnitude (Table 4.3).

Our results for the 1 second window are perhaps most interesting. Just 3.3

% of events have released all their moment in this window (Figures B.25 and

B.26, these are predominantly in the Sigloch dataset), and 14% of events have

released over one-third of their moment, and thus might be slowing down. However,

we still see a statistical relationship between the final moment released and the

moment released in this window. This suggests that larger earthquakes tend to

release moment more quickly.

Table 4.3: Scaling relationships between the absolute moment in the first 1 and 3 s and
the final moment.

Dataset 1 s 3 s
Grad. Spearman p-value Grad. Spearman p-value

opt. SCARDEC 0.45 0.53 0.00 0.52 0.73 0.00
ave. SCARDEC 0.71 0.63 0.00 0.47 0.57 0.00
USGS -0.29 -0.11 0.09 0.02 0.11 0.09
Sigloch 1.67 0.92 0.00 1.26 0.97 0.00
Ye 0.28 0.36 0.00 0.22 0.37 0.00
ISC 0.95 0.88 0.00 0.97 0.88 0.00
Overall 0.65 0.52 0.00 0.56 0.69 0.00

Notes: Grad. is the gradient (m) of the line of best fit log10(Mfinal
0 ) = m log10(Mwindow

0 )+c.
Spearman is the spearman correlation coefficient between log10(Mfinal

0 ) and log10(Mwindow
0 ).

p-value is the p-value for a hypothesis test where H0 is that the data are ordinally
uncorrelated.
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Figure 4.11: Absolute moment (Nm) released in first second of earthquake. Black
dashed line shows a 1:1 scaling, that is events on this line release all of their moment in
the first second.
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Figure 4.12: Absolute moment (Nm) released in first second of earthquake, with each
colour denoting a different dataset. Black dashed line shows a 1:1 scaling, that is events
on this line release all of their moment in the first second.

Looking at the proportion of moment released in the first seconds (Figures

B.25–B.28), it is striking that the Sigloch data has a positive relationship (larger

earthquakes are more likely to have released a high proportion of their moment

early on) whereas for the other datasets it is smaller earthquakes which are likely

to have released the majority of their moment in the first second. This is perhaps

an artefact of the inversion process. Visually, some Sigloch STFs are very high

amplitude and short in duration, particularly for large earthquakes which are at

the upper bound of the method’s capabilities.
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Figure 4.13: Absolute moment (Nm) released in first three seconds of earthquake. Black
dashed line shows a 1:1 scaling, that is events on this line release all of their moment in
the first three seconds.
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Figure 4.14: Absolute moment (Nm) released in first three seconds of earthquake, with
each colour denoting a different dataset. Black dashed line shows a 1:1 scaling, that is
events on this line release all of their moment in the first three seconds.
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4.4.3.2 Time to release absolute amounts of moment

Figure 4.15: Time to release moment equivalent to a M4 earthquake vs final earthquake
magnitude. Colours show datasets following previous figures.

If earthquakes are self-similar, the beginning of a large earthquake should be

identical to that of a smaller earthquake. To test this, we look at how long (in

absolute time) it takes for earthquakes of different magnitudes to release some

quantity of moment. This is another way of thinking about the beginnings of

earthquakes, rather than looking at the moment released in an absolute time

window, we look at the time to release an absolute increment of moment. First we

look at the relationship between final earthquake magnitude and the time taken

to release the equivalent of a M4 earthquake (Figure 4.15). We see a very weak,

but statistically significant, negative relationship suggesting that large earthquakes

take slightly less time to release this very initial portion of their moment (gradient

= -0.03, Spearman r = -0.33, p = 0.00). We also look at the time taken to release
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Figure 4.16: As Figure 4.15 but for releasing moment equivalent to 10% of a M6
(=M5.2).

moment equivalent to the first 10% of a M6 earthquake (Figure 4.16). This has

a much stronger relationship (gradient = 0.48, Spearman r = -0.23).

In Tables B.1–B.4, we show the strength of the relationship between the time

taken to release various amounts of moment (equal to M4–7 earthquakes) and the

final magnitude of the events (see also Figure B.29). Fits only consider events

which have a total moment more than the moment of interest. Looking at the

relationship for each individual dataset, the SCARDEC and ISC datasets show

a strong negative relationship between the time to release even relatively small

portions of moment, and the final magnitude of the earthquake. The Ye and USGS

datasets contain much larger earthquakes on average, and show much less of a

trend with magnitude. The USGS data only shows a significant trend once the

equivalent of a M6.5 earthquake has been released. The Ye data is slightly more

useful, only requiring the equivalent of a M5.5 earthquake to have been released
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before a significant relationship with magnitude is uncovered.

As with the proportion of moment released in absolute time windows (Figures

B.25–B.28), the Sigloch data has the opposite trend with magnitude to the other

datasets. Here, larger events in the Sigloch data tend take longer to release the

moment associated with a smaller event. This seems almost contradictory with

the observations of the proportion of moment released in an absolute time window,

where larger events tended to have released proportionally more of their moment.

This may result from the relative simplicity of the Sigloch STFs, of which over

90% can be adequately described by a single Gaussian, and the inversion-imposed

relatively short duration of the Sigloch STFs (noting that most are considerably

shorter than the maximum allowable 25.6 s).

Summary

• All but the USGS dataset show a statistically significant relationship between

the moment released in the first second and the total moment released.

• Only 14% of events have released more than 1/3 of their moment in the first

second, and just 3% have released all their moment.

• Larger earthquakes take less time to release the same absolute quantity of

moment.

4.4.4 Does the timing of the maximum moment release
vary systematically?

Another first order attribute of STFs is the relative timing of the peak moment

rate. We find that there is no systematic variation of the timing of peak moment

rate with magnitude (mean = 0.53, Figure 4.17) or with earthquake depth (Figure

4.18). The scatter in the timing of the maximum moment rate primarily results

from intra-event variation (see grey lines of Figure 4.8 and Section 4.4.2.2), other

than ISC STFS tending to have a very early peak (mean values of peak timing

are: optimal SCARDEC 0.49, average SCARDEC 0.56, Sigloch 0.54, ISC 0.30,

USGS 0.51, Ye 0.44).
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Figure 4.17: The relative timing of the maximum moment rate for each earthquake.
Colours represent different datasets.

4.4.4.1 Comparing the maximum moment rate vs average moment rate

We also compare the value of the maximum moment rate to the average moment

rate (Figure B.30). In this we see that magnitude has no effect on the ratio of the

maximum to average moment rate (Spearman r: 0.0091, p-value: 0.32). This might

suggest that there is some degree of similarity between STFs of different magnitudes.

Summary

• We find no systematic variation in the normalised timing of peak moment-rate

with magnitude or depth.

• We find no trend in the ratio of average moment rate to maximum moment

rate with magnitude.
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Figure 4.18: Violin plot of the timing of the maximum moment rate for different depth
bins of events.
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4.4.5 How do statistical measures of the STF vary?

We can use statistical measures of the STF such as skew and kurtosis to look for

and quantify trends in the STF with depth, magntiude and dataset.

4.4.5.1 Quantifying the shape of the STF: skew and kurtosis

The skew and kurtosis quantify the symmetry and peakedness of the STFs re-

spectively. The mean skew is 0.39 and the mean kurtosis is -0.91. This suggests

that the STFs tend to be slightly right tailed, and much flatter than a Gaussian.

Physically, this suggests that moment-rate accelerates at a slightly higher rate

than it decelerates. Sigloch STFs make up the majority of events with very high

values of skew and/or kurtosis (Figures B.33, B.36). In these few cases, the long

tail perhaps implies our adjusted beginning choice may be too late, and that the

STF is very peaked compared to the other datasets (and indeed a Gaussian). Just

1% of STFs have a kurtosis greater than 3 (the kurtosis of a standard Gaussian)

and 63/68 of these are from the Sigloch dataset.

4.4.5.2 Trends in skew and kurtosis with depth and magnitude

We see no trend in skew or kurtosis with magnitude or depth (Figures B.31, B.32,

B.34, B.35), unlike Houston et al. (1998). Our skew values may be an underestimate

due to the definition we use of the end of the STF (a trend of early terminating

STFs impacting skewness is noted by Houston (2001) for another catalog). Our

kurtosis values are generally lower than previous studies (e.g. Tocheport et al.,

2007) and are lower than we expect from a Gaussian distribution (∼ 2.7), aligning

with our geometric fits of the median STFs.

Summary

• The mean skew is positive suggesting moment rate increases more rapidly

than it decreases.

• All datasets have a negative kurtosis which is much lower than expected from

a standard Gaussian.
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• No systematic variations in skew or kurtosis with magnitude or depth

4.4.6 Are there patterns in STF complexity?

Visual inspection of STFs shows that some STFs are very simple and are composed

of a single peak, whilst others are very complex. Some of this complexity is likely

real and results from variation in earthquake source complexity. This may have a

relationship with earthquake magnitude or depth, as many authors have observed.

For example, Neely et al. (2024) suggest that magnitude–stress-drop trends may

result from changing STF complexity, rather than trends in actual stress drop

and Houston et al. (1998) observe that the STFs of very deep earthquakes are less

complex than those of intermediate and shallow depths. Yin et al. (2021) analyse

groups of STFs through dynamic time warping, and find that shallow SCARDEC

STFs tend to be more complex than deeper events, and that there is no relationship

between STF complexity and magnitude, whereas Danré et al. (2019) find that

larger events are more complex and composed of more sub-events. Sato and Mori

(2006) use waveform complexity to suggest that small earthquakes are a mixture of

simple and complex events, whilst large earthquakes are always complex.

However, some of the complexity apparent in STFs may be an artefact of the

inversion process, and this may vary between datasets. In Section 4.2, we posed

some questions about the effect of different method choices on the resulting STFs.

Based on the approaches used to produce STFs, we expected that Sigloch STFs

might tend to be more simple and more often have a single peak, since that is

what is preferred in their method. We also suggested that SCARDEC might have a

bias in moderate events towards STFs that are more simple. On the other hand,

the ISC STFs may be expected to be more complex since they are produced by

the addition of several Gaussians.

In this section we therefore want to quantify STF complexity (primarily through

fitting of Gaussians) and look at trends in complexity between datasets and as

a function of earthquake magnitude and depth.
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4.4.6.1 Quantifying complexity by fitting Gaussians

We want to calculate the number of Gaussians required to fit each STF with

R2 ≥ 95%. We first smooth the STF using a moving average box by convolution.

The length of the box is defined as 5% of the duration of the STF. We then

attempt to fit a single Gaussian to the STF, with the initial guess having a

mean equal to the peak moment-rate, and calculate the R2 value between the

observed STF and the optimized Gaussian. If this is above our threshold of

0.95, we consider a single Gaussian to be a good fit to the data. Otherwise, we

attempt to fit ever increasing numbers of Gaussians until the R2 > 0.95, with

initial proposed Gaussians having evenly spaced means, although this is allowed

to vary in the course of the optimization.

In past work, every peak has been considered as a sub-event with only minor

filtering (0.5 Hz for Houston et al. (1998) or amplitude requirements (4σ > 1s, peak

over 10% of STF maximum for Danré et al. (2019)). These approaches all lead to

some events having relatively large numbers of STFs. Instead we smooth the STF

with a boxcar that has a length of 5% of the duration and we also limit the number

of Gaussians that are allowed to be used to 10, which prevents very large numbers of

sub-events being fit, since these are more likely to be small perturbations. We must

also note that using the number of Gaussians that result from our fitting approach

does not directly allow us to infer a number of sub-events. Peaks in the STF which

are not Gaussian in shape may require more than one Gaussian to appropriately fit

them. However, there is a correlation between the number of Gaussians required and

the complexity of an event (as determined from the number of peaks of the STF).

Considering each dataset as a whole, there is significant variation in the mean

number of peaks required to fit the STFs (Column ‘5–9’ of Table 4.5). The Sigloch

data requires a mean of 1.36 Gaussians, whilst the ISC requires over twice that

many Gaussians on average, with a mean of 3.49. This suggests that the complexity

of the STF does differ depending on the inversion process used and so in Figure 4.19,

we compare the number of Gaussians required to fit the various STFs of earthquakes

which appear in more than one dataset. There are some systematic trends obvious
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Table 4.4: Number of events in each magnitude bin.

Magnitude bins
Dataset 5-6 5-7 5-8 5-9 6-7 6-8 6-9 7-8 7-9 8-9
opt. SCARDEC 1042 3561 3875 3898 2519 2833 2856 314 337 23
ave. SCARDEC 966 3494 3822 3846 2528 2856 2880 328 352 24
Sigloch 348 1043 1067 1068 695 719 720 24 25 1
ISC 100 137 137 137 37 37 37 0 0 0
USGS 1 25 187 206 24 186 205 162 181 19
Ye 0 12 97 107 12 97 107 85 95 10

Table 4.5: Mean number of Gaussians to fit STF.

Magnitude bins
Dataset 5-6 5-7 5-8 5-9 6-7 6-8 6-9 7-8 7-9 8-9
opt. SCARDEC 1.80 2.02 2.06 2.06 2.11 2.15 2.16 2.51 2.53 2.74
ave. SCARDEC 1.61 1.76 1.79 1.80 1.82 1.85 1.86 2.13 2.16 2.50
Sigloch 1.42 1.37 1.36 1.36 1.34 1.33 1.33 1.12 1.12 1.00
ISC 3.21 3.26 3.26 3.26 3.38 3.38 3.38 - - -
USGS 3.00 2.32 2.27 2.26 2.29 2.26 2.25 2.26 2.25 2.16
Ye - 2.75 2.49 2.47 2.75 2.49 2.47 2.46 2.43 2.20

Note: categories with no data are denoted with a dash.

in these comparisons: (1) the average SCARDEC STF tends to have more peaks

than the optimal SCARDEC STF; (2) the number of peaks in the Sigloch STF is

relatively independent of the number of peaks in any other database; (3) the number

of peaks in the Ye STFs is better correlated with the optimal SCARDEC STF than

the average SCARDEC STF; (4) the ISC STFs almost always have more peaks

than corresponding STFs in other datasets, with no particularly strong correlation

in how many more peaks there are. The lack of correlation between some datasets

(points 2 and 4) give an important perspective: the implications of method choice

do not simply scale the complexity of the STF, but actually alter or remove it.

4.4.6.2 Events which require a single Gaussian to fit them

Another metric for average dataset complexity is the number of events which require

only a single peak to fit them. Liu et al. (2023) decompose average SCARDEC STFs
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using a Brune model and find that 51% are composed of a single sub-event. The

Brune model, even when adapted to have two corner frequencies, is fundamentally

derived for simple (and relatively small) earthquakes where the source complexity

does not cause deviation from a frequency-squared spectral decay (e.g. Luco, 1985;

Beresnev and Atkinson, 2001; Denolle and Shearer, 2016) and may not be well

suited to more complex, larger events. The Gaussian fits of our work and Danré

et al. (2019) have an additional free parameter compared to a Brune fit, and Danré

et al. (2019) therefore find that just 19% of events are composed of a single sub-

event. Our results vary depending on the length-scale of the smoothing used. With

smoothing at 5% of the total duration, we find that 46% of events can be fit by

a single Gaussian (optimal SCARDEC: 38%, average SCARDEC: 46%, Ye: 3%,

USGS: 13%, Sigloch: 91%, ISC: 5%). At a longer-term smoothing (20% of total

duration), which we use to consider larger scale features, 67% of events are fit

by a single peak (optimal SCARDEC: 63%, average SCARDEC: 70%, Ye: 46%,

USGS: 49%, Sigloch: 95%, ISC: 34%).

4.4.6.3 Patterns in complexity with magnitude

In Danré et al.’s (2019) analysis of the SCARDEC data, they observe that larger

magnitude earthquakes are more complex and contain more sub-events, each

represented by a peak in the STF. Given how different methods can lead to

vastly different estimates of complexity, do we see a similar trend of increasing

complexity with magnitude?

Despite our different approach to counting peaks, for the SCARDEC data we

see a similar trend to Danré et al. (2019) (top two rows of Figure 4.20; blue).

As we consider groups of events with larger magnitudes, the mean number of

Gaussians required to fit the optimal SCARDEC STF increases from 1.8 (M5–6)

and ∼ 2.04 ± 0.02 (M5-7, M5-8, M5–9) to 2.52 ± 0.01 (M7–8, 7–9) ( Tables 4.4 and

4.5). The ISC STFs also show a trend of increasing complexity with magnitude

(increase from 3.21 (M5–6) to 3.38 (M ≥ 6), Figure 4.20 and Tables 4.4 and 4.5).
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Figure 4.19: Comparison of the number of Gaussians required to fit a corresponding
earthquake that appears in more than one dataset.

However the other datasets we examine have either no real trend between

complexity and magnitude, or a trend of decreasing complexity with magnitude.

The USGS dataset shows a much smaller variation in the number of Gaussians

required to fit the STF. Except for the smallest and largest magnitude bins (M5–6

and M8–9), all bins have a mean number of Gaussians between 2.25 and 2.32. The

M5–6 bin has n = 1 and so can be ignored (Table 4.4). The M8–9 bin has n = 19

and requires a mean of 2.16 Gaussians to fit the STF. This trend is also present with

the Ye dataset. The small numbers of events in the M5–7 and M6–7 bins (n = 12)

require a mean of 2.75 Gaussians to fit their STFs. As we consider larger events, the
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mean number of Gaussians required falls very slightly from 2.49 (M5–8, M6–8) to

2.43 (M7–9). Only looking at the largest earthquakes (M8–9), the mean number of

Gaussians is only 2.20, although there are few events in this group (n = 10). In the

larger Sigloch dataset, we again see something similar. Except for the M5–6 group

(1.42), the M ≥ 5 bins have a mean number of Gaussians of ∼ 1.36, the M ≥ 6

bins have a mean of ∼ 1.33 and the M ≥ 7 bins have a mean of 1.12, though these

M ≥ 7 groups should be taken with caution, since the inversion method is only

intended for earthquakes up to M7.2 (also note n is 24 and 25 for the two M ≥ 7

bins). See Figure 4.20 and Tables 4.4 and 4.5 for detail of the mean number of

Gaussians required to fit different datasets and earthquake magnitudes.

By looking at broader scale features of the STF by first smoothing them, we

mitigate some of the impact of attenuation on our results. Nonetheless, smaller

STFs are more likely to be smoothed by attenuation, and thus for their complexity

to be underestimated.

That the Ye STFs tend to be simpler is not unexpected, since the method tends

to oversimplify fault geometry and imposes a constant rupture velocity (Section

4.2.4.3). However it is more surprising that we do not see a trend of increasing

complexity with magnitude for the USGS data, where there are fewer imposed

constraints on the fault geometry and rupture velocities. This may simply be a

coincidence: the SCARDEC dataset has far more earthquakes and so could be

considered to be more reliable.

When initially discussing the SCARDEC method (Section 4.2.1), we suggested

that the SCARDEC dataset might have a bias at moderate magnitudes towards more

simple events. Our results cannot confirm whether this is the case, since we cannot

fit Gaussians to STFs which do not exist. However, we would expect our observation

that SCARDEC STFs exhibit increasing complexity with magnitude to stand, even

if the STF complexities we have are a lower bound for moderate magnitudes.
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4.4.6.4 Patterns in complexity with depth

In addition to trends between STF complexity and magnitude, previous work

has also investigated how STF complexity varies with earthquake source depth.

Houston et al. (1998) define complexity as the number of zero crossings in the

moment-acceleration curve, after lowpass filtering at 0.5 Hz. Analysis of complexity

using this definition has found that very deep earthquakes have the simplest STFs,

and that the most complex STFs occur between ∼ 250 and ∼ 550 km, depending

on the dataset used (Houston et al., 1998; Houston, 2001; Persh and Houston, 2004;

Tocheport et al., 2007). For the Sigloch, USGS and both SCARDEC datasets, we

see a subtle trend of decreasing complexity with depth (Figure 4.21), statistically

distinguishable from no ordinal correlation at α = 0.05. The Ye dataset only

contains earthquakes with depths less than 100 km, and so it makes sense there

is no clear trend with magnitude. The ISC data is predominantly depth < 250

km, except for a single deep earthquake. For both datasets, despite the line of

best fit having a positive gradient, p > 0.05 and thus we accept the null hypothesis

that the data are ordinally uncorrelated. We do not see evidence that earthquakes

between 250 and 550 km depth are more complex.

Summary

• We quantify complexity by asking how many Gaussians are required to

adequately fit a given STF.

• Many STFs are not well fit by a single Gaussian, and have multiple peaks.

• SCARDEC STFs have an increasing complexity with magnitude.

• Sigloch and Ye STFs have a more subtle decrease in complexity with magnitude.

• USGS and ISC STFs show little trend in complexity with magnitude.

• Some datasets have consistently higher complexities than others; ISC STFs

tend to be complex whilst Sigloch STFs tend to be simple.

• A M8 earthquake is likely to have a similar complexity of USGS STF as a M6

earthquake, but an earthquake with a complicated STF in the USGS dataset

is likely to also have a complicated SCARDEC STF.
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• For SCARDEC, Sigloch and ISC STFs, there is a very weak but statistically

significant negative trend between complexity and earthquake depth. USGS

and Ye datasets have few deep events.

4.4.7 What geometry best fits an STF?
4.4.7.1 Geometric fits to the overall median STF

We would still like to be able to compare STFs to a generic geometric model

of an average STF. Despite the differences apparent between the STFs from the

different datasets, as an initial effort we calculate the median STF of all the STFs

in our dataset (Figure B.37). We propose five geometric models: a Gaussian, a

triangle, a boxcar, a boxcar tapered with sine functions (in the limit this is just

two independently inverted sine functions), and a trapezium (Figure B.38). We

systematically vary the parameters which describe each geometry, aiming to reduce

the L2-norm difference between the geometric model and our observed median

STF. We propose a Gaussian since the median STF appears by eye to be relatively

Gaussian, and the ISC STFs are built on sums of Gaussians. We propose the boxcar

as a potential geometric fit as this is the shape of the STF used in GCMT inversions

before 2004 (Ekström et al., 2012). We also propose a sine taper on either end,

since the STFs do not appear to suddenly start and stop. Since 2004, GCMT

have modelled the STF as an isosceles triangle; however, visual analysis of our

median STFs and the observations of Meier et al. (2017) prompt us to remove the

requirement of the triangle being isosceles, since they observe the peak of the median

STF to have some variation around the half-duration (the peak occurs at 35%–55%

of the normalised duration). Finally, we also propose a trapezium, based on the

physical intuition that an earthquake might accelerate, followed by the moment-rate

plateauing for the main phase of rupture and then, as the earthquake dies, the

moment rate decreasing again. Additionally, we allow the trapezium and triangle

to have a linear ramp at the start, as the average STF seems to have a change

of gradient around 20% duration and some previous workers have proposed a low

moment-rate early stage of rupture (nucleation phase, Ellsworth and Beroza (1995)).
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Figure 4.20: Mean number of Gaussians required to fit STFs from different datasets in
different magnitude bins. Each dataset is shown in a different colour and the shade of the
colour shows the minimum magnitude. Different maximum magnitudes have different
line styles. Right hand column is a zoom of the left hand column to aid interpretation.
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Figure 4.21: Plot of the number of Gaussians required to fit each STF against depth.
Lines of best fit (red) are drawn over the range of depths present in the dataset.
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Figure 4.22: The median STF (black) calculated from all magnitudes and datasets and
the optimal fit of the five geometric models. Numbers after labels in the legend are the
L2-Norm for each geometric fit, see Section 4.4.7.1 for additional discussion of this metric.
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Figure 4.22 shows the optimized fit of each of the 5 geometric models (colours)

and the overall median STF (black). From this, it is clear that it is possible to

reach a good fit using a ramp plus trapezium model, or a Gaussian (purple, red

and blue lines). Since our definition of the ‘end’ of the STF does not require the

moment-rate to reach zero, we allow the moment-rate at the end of the model

to vary, along with the amplitude, centre and any other points required to define

the shape. Since the different geometries have different degrees of freedom, it is

improper to directly compare the L2-norms which result. However, since the degrees

of freedom for all models are 5 ± 1, an order of magnitude difference in the L2-norm

is likely significant, and we use this as part of interpreting the best fit models.

In Figures B.39–B.44, we fit our geometric models to the median STF calculated

from each dataset individually. The different numbers of events in each dataset

means that the overall average STF is biased by the SCARDEC STFs. We find

that the trapezium model provides the best fit to all the datasets, but that there is

variation in the parameters which describe the trapezium, hence why a gaussian

provides a similar or better fit to the complete dataset. Some datasets require a

ramp to provide a good fit. The Ye (Figure B.42) and optimal SCARDEC data

(Figure B.39) are best fit with a simple trapezium. The USGS data (Figure B.41)

requires the trapezium to begin with a slight delay of 0.03 of the duration. The

average SCARDEC (Figure B.40) and Sigloch (Figure B.43) datasets both require a

significant ramp, with a lower gradient than the left-hand leg of the main trapezium.

The ISC dataset (Figure B.44) is an outlier once again, with the ramp having a

much steeper gradient than the left-hand leg. This geometry would perhaps more

accurately be called an irregular convex pentagon.

For the non-ISC datasets, we can divide the trapezium fit into three stages

(Figures B.39– B.43). The earthquake begins with a period of moment-acceleration,

parametrised by the ramp (if present) and left-hand leg of the trapezium. Where a

ramp is present, this suggests that the earthquake growth began slowly, for roughly

the first 20% of the duration, before accelerating to the maximum moment rate. The

earthquake then enters a phase of constant moment-rate, lasting anywhere from 13%
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of the duration (Ye) to 28% (USGS). The optimal SCARDEC STF spends more time

in this phase than the average SCARDEC STF. Finally the moment-rate reduces,

and the earthquake decelerates to an end. This deceleration phase begins at 60–70%

of the total duration, except for the Ye data where it begins at 50% duration.

The ISC data are poorly fit by the geometric models. The median STF has two

clear peaks. The moment-rate initially increases rapidly. It then undergoes a period

of decline, before increasing again, but more gradually. As with the Ye dataset, the

final deceleration of the earthquake begins at about 50% of the total duration.

4.4.7.2 Effect of magnitude on STF geometry

The optimal trapezium fit for different magnitude bins have no clear trends between

magnitude and either the duration of the ramp (Figure B.45) or the duration of the

top (constant moment rate) portion (Figure B.46). We also compare the gradient of

the ramp with the gradient of the left leg of the trapezium, and find no systematic

relationship with magnitude (Figure B.47). We do not constrain the ramp to have a

gradient lower than the left leg of the trapezium. The gradient of the ‘ramp’ of the

ISC data is generally very high, and thus the left leg of the trapezium essentially

forms a low moment-acceleration sector before the constant moment-rate portion.

For all the other datasets there are no clear trends with magnitude of variation

in either of the two gradients, although some datasets tend to be closer to the

1:1 line than others (in which case the ramp and left leg are essentially forming

part of the same moment-acceleration phase).

Summary

• Using the complete dataset, Gaussian model and trapezium model both

provide a good fit to the median STF.

• Considering each dataset individually, the trapezium model gives the best

fit. This suggests there are three stages to the STF and earthquake rupture

process: a beginning characterised by rapidly increasing moment-rate, a

constant moment-rate middle and the end characterised by moment-rate

decrease
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• ISC STFs are not well fit by any of the proposed models.

• The best geometric fit has no clear trends with magnitude.

4.4.8 How are increments of moment released throughout
an earthquake?

In Section 4.4.7.1, we identified that the median STFs are best fit by a trapezium.

This suggests that there may be different phases to rupture, with an early accelera-

tion, a period of relatively constant moment release rate, and then a deceleration.

In this section, we further investigate this by looking at the rate of moment release

in different windows of the STF (Figure 4.23).

There are three clear phases of moment release visible with the complete dataset

in Figure 4.23 (black line). The first 10% of moment is released slowly, taking

20–30% of the total earthquake duration. Each additional 10% increment of moment

takes less than 10% of the total duration, except for the final 10% which takes

∼ 15% of the duration. Within the central 80% of moment, the 40–50% increment

of moment is the fastest to release, with a gentle increase in time taken for the

increments on either side. The coloured lines show the average STF for each dataset,

with shading showing the variation around this average. The grey lines show the

fit from each of the geometric models shown in Figure 4.22.

All the models overestimate how long it takes to release moment deciles between

10 and 30%. Between 40–60% moment, the trapezium model (solid grey line)

provides the best fit for the data, as we expect from fitting the average STF. The

trapezium and Gaussian (dotted line) models are both able to fit the final 30% of

moment release well. The triangle model (dashed line) appears to be a perfect fit

at estimating how long it takes to release the 40–50% and 50-60% deciles. This

is because the model equally over and underestimates the time taken to release

smaller increments of moment within each 10% bin.

It is interesting that the models provide a better fit to the later portions of

moment-release than the early stages. Geometrically, the final 30% of the STF

can be fit well by a straight line, whilst there is more variation in the moment-

acceleration in the early stages.
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Figure 4.23: The proportion of duration taken to release 10% increments of moment. In
black, the median result using all STFs. Different datasets are shown in different colours,
whilst different geometric models are shown in different styles of grey line. Bottom panel
is a zoom of the top panel.
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The time taken for the final 10–20% of moment released is most sensitive to

the definition of the end which is chosen. With more conservative definitions

(for example definitions 1 and 2 proposed in Section 4.3), these portions take an

increased proportion of the duration to release.

Summary

• There are three clear phases of moment release: start, middle and end.

• The first 10% of moment takes 20–30% of the total duration to be released.

• The central 80% of moment takes ∼ 60% of the duration to be released.

• The final 10% of moment takes ∼ 15% of the duration to be released. This is

most sensitive to the definition of the end used (later ends mean this segment

takes proportionally longer).

4.5 Synthesising our observations to gain a phys-
ical insight

We have made three key observations, which we now attempt to provide some

physical reasoning for.

4.5.1 STFs are complex and poorly fit with a single Gaussian

Looking at source time functions individually, it is obvious that many STFs are

complex. Our observations of the proportion of events which are well fit by a

single Gaussian (46% at 5% smoothing, 67% at 20% smoothing) suggests that a

single sub-event is not a good fit for a significant number of earthquakes, and this

will also lead to variation in the timing of peak moment-rate. This has important

implications for the rupture models, where the STFs used often have one major

peak. This would imply that earthquakes do not generally wane and then re-

accelerate if, for example, they are propagating through a low stress region and

then rupture into a high-stress region which ‘re-invigorates’ them. However, our

observations show that a significant proportion of earthquakes do decelerate and

then re-accelerate. Different datasets show different relationships between STF
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complexity and earthquake magnitude and depth. We agree with Danré et al.

(2019) that SCARDEC STFs show increasing complexity with magnitude, despite

using a subtly different definition of complexity. However, we caution that this

trend does not apply to all datasets. We also agree with Yin et al. (2021) that

shallow SCARDEC STFs tend to be more complex, though this trend is minor (but

statistically significant). In particular, deep earthquakes are significantly less likely

to be complex (Figures 4.20 and 4.21 and Houston et al., 1998; Houston, 2001;

Persh and Houston, 2004; Tocheport et al., 2007). Unlike Houston et al. (1998), we

do not see a clear group of more complex STFs at intermediate depths.

Another contributor to variation in the peak moment rate is uncertainty in the

duration estimates of the STF durations (Meier et al., 2017). In a median sense,

this is likely a key factor as a 10% variation in the duration could lead to up to a 5%

variation in the timing of the peak. However, the spread between individual STFs

visible in Figures 4.8 and B.11–B.16 suggest that there is also intrinsic variation in

the timing of the peak moment rate between earthquakes. We see no systematic

variation in the timing of the maximum moment rate with depth or magnitude

(Figures 4.17 and 4.18). This is in contrast with Houston et al. (1998) who observed

that deeper events tend to release their moment later. Whilst Houston et al. (1998)

use a subtly different metric, we also do not see patterns in skew (or kurtosis) with

depth and thus these measures are likely correlated.

4.5.2 Early STF characteristics vary with magnitude

We identify scalings between the final event magnitude and three features: the

initial moment-acceleration (Sections 4.4.1 and 4.4.8), the moment released in the

first seconds of the STF (Section 4.4.3.1), and the time taken to release increments

of moment that are less than the final moment (Section 4.4.3.2). We find that in a

statistical sense, larger magnitude events release their early moment more quickly

than small events. This is in contrast with Meier et al. (2020a) whilst still avoiding

the interpolation that impacts the results of Melgar and Hayes (2019).
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Our observation that the early STF features vary with magnitude aligns with

the observations in Chapter 3, where we see a correlation between peak ground

displacement and final moment/magnitude. One way to physically conceptualise

this, is that earthquakes that increase their rate of moment release more quickly at

the beginning of rupture are better able to overcome stress or frictional barriers,

and therefore become higher-magnitude earthquakes. This is similar to the ideas

of Heaton (1990) and Nielsen (2007)

We see more variation in the early portion of the STF, and this is more difficult

to fit geometrically. This may be a result of the early moment-acceleration relying

on overcoming energy and stress barriers and the rupture jumping from patch-to-

patch. The final deceleration of the earthquake may be more simple, as the

earthquake slowly fades.

4.5.3 Median STFs are best fit with a trapezium model

We have identified that a trapezium geometric model provides the best overall

fit to our observed median STF, and this suggests that there are three main

phases of rupture. The earthquake begins with a period of moment-acceleration,

parametrised by the ramp (if present) and left-hand leg of the trapezium. The

earthquake then enters a phase of constant moment-rate, lasting anywhere from

13% of the duration (Ye) to 28% (USGS). Finally the moment-rate reduces, and

the earthquake decelerates to an end. This deceleration phase begins at 60–70% of

the total duration, except for the Ye data where it begins at 50% duration. Our

results contrast with Meier et al. (2017) who found that the median STF shape is

near triangular. We do consider much smaller events than they did, but we see no

systematic trend in the shape of the trapezium with earthquake magnitude and so

this is unlikely to explain the discrepancy. We also find a significant positive skew

whereas Meier et al. (2017) suggest that the median STFs are near-symmetric.
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4.5.3.1 Early moment-acceleration

The early phase of moment-acceleration sometimes occurs in two phases (i.e. a

‘ramp’ is required) and sometimes only one. This varies across the datasets.

That we find a low-moment acceleration portion at the start of rupture is not

unexpected, and a number of explanations have been proposed. Ellsworth and

Beroza (1995) and Beroza and Ellsworth (1996) proposed a ‘nucleation phase’,

where the moment-rate grows more slowly. They expected the duration of this to

scale with the total duration of the event (or equivalently with M
1/3
0 ), which would

mean we would expect a roughly constant duration for the ramp in a scaled STF.

Modelling the case that an earthquake nucleates close to the edge of the stressed

region, Ke et al. (2022) observe an initial quadratic phase of growth, as the circular

crack grows unbounded, before a transition to linear growth of moment-rate with

time, as the growth becomes bounded in at least one dimension. The time of

the transition from quadratic to linear growth gives information on how much

the rupture can grow before it becomes bounded. In this case, we do not expect

the duration of the bounded-growth portion to scale with magnitude, because the

transition to bounded growth is defined by the width of the seismogenic zone and

the timing of this is controlled by the rupture velocity, which shows no systematic

trends with magnitude (e.g. Table S1 of Chounet et al., 2018). For small (M3–5.8)

earthquakes, STFs can modelled as quadratic until the peak, and linear after this

time (Archuleta and Ji, 2016), as the rupture is unbounded for the whole rupture.

This quadratic growth until the peak, followed by linear decay of moment-rate is

consistent with an asperity breaking and propagating into a region of low stress

drop (Boatwright, 1988; Archuleta and Ji, 2016). Looking only at the first 20% of

the median STF, we can fit a quadratic curve (L2-norm = 0.12). If we consider the

20–35% portion of the median STF, there is a clear linear trend (L2-norm = 0.067),

as we discovered in our efforts to fit a trapezium geometry. For M ≥ 7 earthquakes,

the STF would be dominated by the long central periods of high moment-rate, where

the rupture growth is likely to be bounded. This explains the linear moment-rate

growth observed by Meier et al. (2017), and explains why our trapezium-based fits
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of the USGS and Ye datasets, which only contain higher magnitude earthquakes,

do not require any significant ‘ramp’ (length of ramp is 3-6% total duration).

We do not see a clear relationship between the scaled duration of the ramp portion

and the final magnitude of the earthquake, suggesting the duration of the lower

moment acceleration phase may scale with magnitude. However, there is a trade off

between ramp duration and ramp gradient (with the ramp gradient sometimes being

very close to the left-leg gradient), making it hard to make concrete conclusions.

4.5.3.2 Constant moment rate

The physical interpretation of this phase depends on if we consider a crack-like

or pulse-like rupture. In the pulse-like case, we can consider that the rupture

area is constant during this phase, and each patch is slipping by a similar amount.

On average the moment-rate is constant because the increases and decreases in

moment-rate through time cancel each other out. In the crack-like case, we can

suggest that perhaps rupture is already beginning to die – the slipping area is

still growing, but the slip rate has already begun to decrease. Meier et al. (2017)

do not observe a comparable phase.

4.5.4 Limitations and Future Work

In Section 4.2.7, we outlined some of the advantages and disadvantages of the

different methods to invert for STFs. We now return to these in light of our

analyses, and look at the impact on our confidence in our results.

A key limitation of our work remains exactly how well STFs constrain the early

portions of rupture. That we see scaling relationships between the early portions of

STFs and magnitude for all datasets lends credence to the STFs ability to resolve

the early features of rupture. However, we might have expected the USGS STFs

to be better able to resolve the early STF features, since they use geodetic and

local seismic data-sources in addition to teleseismic body-waves. That we see

weaker relationships between early features of the USGS STFs and magnitude could

suggest that STFs are not particularly good at resolving early features of rupture.
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Alternatively, this may suggest that early features of rupture are less apparent in

the relatively low frequency waveforms used in the USGS catalogue. However, it is

hard to disentangle these ideas from the fact that the USGS dataset is primarily

composed of larger magnitude events, and that the STFs tend to be longer in

duration (compare Figure B.19 between datasets: comparable magnitudes of other

datasets have at least some earthquakes which have released their moment but USGS

does not). We expect the trends in median STF with magnitude to be particularly

robust for the SCARDEC and Sigloch datasets, where we have a large number of

events spanning moderate and large magnitude events. As Meier et al. (2017) said,

we still need more work on how well STFs resolve the beginning of earthquakes.

In outlining each method, we posed several possible biases in STF complexity.

We thought that SCARDEC STFs might be biased at moderate magnitudes to

be more simple, that Sigloch STFs would be simple compared to other methods

and that ISC STFs would be more complex. We found that these predictions were

generally correct. SCARDEC STFs tend to be slightly simpler than USGS STFs.

There is little cross-over between the USGS dataset and either the ISC or Sigloch

datasets, but we find that the ISC STFs are generally much more complex than

the SCARDEC STFs and the SCARDEC STFs are in turn more complex than

the Sigloch STFs. Given that the USGS complexity is perhaps the most reliable,

since it results from a realistic representation of the fault and has no obvious biases,

it makes sense to use this as a benchmark. Crucially, our results highlight the

importance in not making direct absolute comparisons between complexity found

from different STF datasets. Whilst we find that events which are more complex in

one dataset will tend to also be more complex in another, there is a high degree

of scatter in this relationship. Future work could further investigate the drivers

of variation in STF complexity across different datasets.

The ISC inversion returns an ensemble of potential earthquake point source

models, from which the average of the likely solutions and a measure of the reliability

of the result are derived. This means that in the future, further investigation could

be done on the reliability of the results we outline here. In particular, since the
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ISC invert jointly for depth and STF complexity, further analysis of patterns in

STF complexity could be undertaken.

Future work could investigate biases in the STFs available in each dataset, to

understand to what extent patterns in the STFs might represent global trends. In

particular, we might seek to understand regional biases in the USGS STFs thanks

to different weightings of datasets, and whether the SCARDEC STFs actually show

a bias towards simpler events at moderate magnitudes.

Finally, we should seek to understand the impact of the averaging implicit in

some STF inversion methods on our results. One way to approach this would be to

use synthetic events in each of the inversion methods to see any biases which result.

4.6 Conclusion

In this study we compiled a dataset of source time functions of over 5000 M ≥ 5

earthquakes from around the world, from five data-sources. We investigated how

STF features scale with the final earthquake magnitude.

We have a number of key findings, but of most interest to our understanding

of determinism is the fact that larger earthquakes release more moment even in

short windows of time. In making this observation, we use all available STFs from

the five catalogues, with no selection based on duration.

We see that a significant proportion of STFs are not well fit by a single

peak, although we observe no significant scaling between earthquake magnitude

and STF complexity. This is important for earthquake modelling efforts as it

suggests that events of all magnitudes can wane during the course of the event

and then re-accelerate.

For some events and datasets we see evidence of an early low moment-rate

sector. The presence of this feature varies between datasets, heeding caution to

any concrete interpretation of a nucleation phase.
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4.7 Open Research Section

Processing was primarily in Python 3.10 and was undertaken using Scipy (Virtanen

et al., 2020), Numpy (Harris et al., 2020), and pandas (pandas development team,

2024; McKinney, 2010). Plotting used Matplotlib (Hunter, 2007) and Crameri

colormaps (Crameri, 2023; Rollo, 2024). SCARDEC STFs are available via http:

//scardec.projects.sismo.ipgp.fr. USGS STFs are available via https://

earthquake.usgs.gov/data/finitefault/. ISC STFs are available via https:

//www.isc.ac.uk/iscbulletin/search/catalogue/. Ye STFs are available via

email to Lingling Ye (SUSTech). Sigloch STFs are not routinely available. Contact

Karin Sigloch (GeoAzur) for more information. Processing and analysis code is

available on Github (https://github.com/RebeccaColquhoun/stf).

http://scardec.projects.sismo.ipgp.fr
http://scardec.projects.sismo.ipgp.fr
https://earthquake.usgs.gov/data/finitefault/
https://earthquake.usgs.gov/data/finitefault/
https://www.isc.ac.uk/iscbulletin/search/catalogue/
https://www.isc.ac.uk/iscbulletin/search/catalogue/
https://github.com/RebeccaColquhoun/stf
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Key Points

• We make new observations of foreshocks and aftershocks using phase coherence.

• An Epidemic-Type Aftershock Sequence model predicts foreshock and after-

shock numbers based on earthquake-earthquake triggering.

• Our observed ratio of foreshocks-to-aftershocks is in line with expectations from

ETAS, but we observe higher absolute numbers of foreshocks and aftershocks

per mainshock.

• We see an exponential increase in foreshocks and decrease in aftershocks,

which is not apparent in the ETAS model results.

• Therefore, earthquake nucleation requires a combination of stochastic trigger-

ing and external process mediation.

Abstract

The complexity and duration of earthquake nucleation is an open question. Our

understanding of this process is limited by a lack of high-quality observations of

foreshocks and aftershocks, and we therefore apply a coherence-based template

matching approach to search for more foreshocks and aftershocks. We examine

the hour around thousands of M ≥ 3 mainshocks on the Hikurangi subduction

zone in New Zealand, and make new detections of foreshocks and aftershocks which

are close in space and time to the mainshocks. The foreshock-to-aftershock ratio

we observe is inline with that expected from Epidemic-Type Aftershock Sequence

models, but we observe higher numbers of foreshocks and aftershocks per mainshock

than expected from ETAS. This suggests that foreshock occurrence is more complex



5. Foreshocks 160

and that stochastic triggering occurs in an external process mediated environment

such as through changes in pore-fluid pressure or aseismic slip.

Plain language summary

We do not fully understand how earthquakes start, especially the physics that

determines whether earthquakes are preceded by smaller earthquakes (foreshocks).

Some models suggest that earthquakes cause other earthquakes through transfer

of stress (related to force). To investigate this, we used a new method to search

for foreshocks and aftershocks around earthquakes in New Zealand’s Hikurangi

subduction zone. We found thousands of foreshocks and aftershocks occurring close

in space and time to our main earthquakes. We calculated the ratio of foreshocks

to aftershocks around our earthquakes and found this is in line with the models

based on earthquakes causing other earthquakes. However, each large earthquake

had more foreshocks and aftershocks than these models suggest. This suggests

that the occurrence of foreshocks is more complicated than previously thought,

and that additional factors like fluid movement or slow slip along the fault are

needed to explain foreshock occurrence.

5.1 Introduction

There have been varied observations of foreshocks before earthquakes. For example,

Trugman and Ross (2019) suggest that 72% of earthquakes in Southern California are

preceded by increases in earthquake activity. Other authors find the foreshock rate

to be around 40-55% (Jones and Molnar, 1976; Abercrombie and Mori, 1996; Chen

and Shearer, 2016), and van den Ende and Ampuero (2020) find that as few as 18% of

earthquakes in southern California have increases in seismicity which cannot simply

be explained by variations in background seismicity rate. Significant foreshock

activity is expected from rate and state models (Dieterich, 1994; Marone, 1998) and

is observed on short time-scales in laboratory experiments (e.g. Scholz, 1968; Johnson
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et al., 2013; Goebel et al., 2013; McLaskey and Kilgore, 2013; McLaskey and Lockner,

2014; Rouet-Leduc et al., 2017; Bolton et al., 2019, 2020; Dresen et al., 2020).

A number of researchers have investigated foreshocks because these events can

provide insights into earthquake nucleation. Some researchers have found that

nucleation could be short and simple and that all clustering of earthquakes can be

explained by earthquake-earthquake triggering (Helmstetter and Sornette, 2003;

Felzer et al., 2004; Yoon et al., 2019). For example, Felzer et al. (2004) were able

to explain foreshock occurrences solely through the same earthquake-earthquake

triggering which is responsible for aftershocks. Ellsworth and Bulut (2018) suggest

that no aseismic processes were involved in the foreshock sequence preceding the

1999 İzmit earthquake (cf. Bouchon et al., 2011).

On the other hand, nucleation may be a complex, extended process that lasts

minutes to months, perhaps driven by slowly accelerating aseismic slip or by changes

in pore-fluid pressure. Seismologists have observed significant increases in seismicity

in the hours to days before large earthquakes in Southern California (Dodge et al.,

1996; Chen and Shearer, 2016), in the North Pacific (Bouchon et al., 2013), in

Kyushu, SW Japan (Kato et al., 2016), and on the East Pacific Rise (McGuire et al.,

2005). Some statistical analyses suggest that these foreshocks, mainshocks, and

aftershocks nucleate or are triggered via different processes (Brodsky, 2011; Shearer,

2012; Seif et al., 2018). Some of these processes could result in complex, long-

duration nucleation, as is sometimes inferred from observations. For instance, Tape

et al. (2018) identified foreshock sequences before earthquakes in Alaska that lasted

tens of seconds. These sequences may represent earthquake nucleation triggered by

a propagating aseismic front. Similarly, Bouchon et al. (2011) identified an extended

seismic signal before the 1999 İzmit earthquake. Complex, two-stage, nucleation

has also been observed in laboratory studies (Latour et al., 2013; Harbord et al.,

2017) and over very short durations at the beginning of earthquakes in California

(Ellsworth and Beroza, 1995; Beroza and Ellsworth, 1996). Complex nucleation

could last months, or occur intensely for minutes, and may result from aseismic
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nucleation processes (Dodge et al., 1996) or from the interaction of pore-fluid

pressure changes on the accelerating fault (Liu and Rice, 2007).

It has been difficult to constrain the process of earthquake nucleation due to

the limited availability of high-quality observations of foreshocks and aftershocks,

particularly on short timescales. In this work, we seek to add one more observation

of foreshock rates. We look for foreshocks, aftershocks, and sequences of foreshocks

around thousands of earthquakes in New Zealand. We use a phase coherence-based

technique to detect small events that are located spatially close to, and within

an hour-long window centred on each mainshock. We then compare the observed

foreshock:aftershock ratio to the ratio expected from ETAS models.

5.1.1 ETAS models

The Epidemic-Type Aftershock Sequence (ETAS) model is widely regarded as

one of the most reliable tools for forecasting earthquakes. ETAS models (Ogata,

1988) often model foreshock and aftershock behaviour well, using relatively simple

earthquake-earthquake triggering. They are based on the concept of self-exciting

point processes (introduced by Hawkes, 1971), where earthquakes above a specific

magnitude threshold (M0) can trigger subsequent earthquakes, often referred to as

‘offspring’ or ‘daughters’ (Molkenthin et al., 2022). These triggered events can, in

turn, trigger further events, creating a cascading, branching pattern that effectively

describes how seismicity clusters over time and space (Reinhart, 2018).

The ETAS model is represented by a conditional intensity function

λ(t | Ht) = µ +
∑

(ti,mi)∈Ht

Keα(mi−M0)
(

t − ti

c
+ 1

)−p

, (5.1)

where λ represents the expected number of earthquakes at a given time t, conditioned

on the history of all previous events up to that point denoted as Ht. This history

includes all earlier earthquakes represented as (ti,mi), where ti is the time and

mi is the magnitude of the ith earthquake.

The ETAS model relies on five key parameters (µ, K, α, c and p) which are

estimated during the modelling process. The background seismicity rate, µ, accounts
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for independent, spontaneous earthquakes that are not triggered by previous events.

The baseline productivity parameter, K, determines the average number of direct

aftershocks triggered by an earthquake with a reference magnitude M0. The

magnitude-scaling productivity parameter, α, describes how the productivity of

aftershocks increases with the magnitude of the triggering earthquake. A short

term temporal offset, c, prevents singularities in the model by accounting for delays

immediately following an earthquake. Finally, p is the Omori-law decay exponent,

which characterises how the rate of aftershocks decreases over time.

Physical explanations for earthquake-earthquake triggering

The earthquake-earthquake triggering inherent in ETAS models is purely statistical

and does not require any physical process to underpin it. It simply arises from

every earthquake changing the probability of future events occurring, and thus

earthquake occurrence being related to the history, Ht, of past events. However,

there are several physical processes that might underpin an observed cascade of

earthquakes, such as static stress transfer or aseismic afterslip. Some, but not all,

observations and models require that aftershock occurrence and deep afterslip follow

the same temporal evolution (e.g. Perfettini and Avouac, 2004).

An integral part of ETAS is Omori’s Law, which is an empirically derived

relationship that describes the temporal decay of aftershock activity as N ∼ t−1

(Utsu et al., 1995). Theoretical interpretations of this relationship have since been

derived, including models based on rate-and-state friction (e.g. Dieterich, 1994).

5.2 Mainshock and data selection

We begin by identifying a collection of mainshocks. We will search for foreshocks

and aftershocks around these events.

5.2.1 Seismic data and earthquake catalogue

We investigate earthquakes on the Hikurangi subduction zone beneath the North

Island of New Zealand (Figure 5.1) which is an ideal place to test whether external
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processes are involved in earthquake nucleation. The region hosts significant slow

slip events (≈ MW 7) as well as spatially variable pore-fluid pressures (Wallace

et al., 2012, 2016; Naif and Key, 2018): two phenomena that could encourage

extended earthquake nucleation.

Figure 5.1: Map of New Zealand with earthquakes and stations used. Grey dots
represent all earthquakes, whilst coloured dots represent mainshocks considered under
isolation at 24 hours (colour = magnitude). Stations are all part of the GNS network
(FDSN network code NZ) and are labelled with their station codes.

We use events listed in the GNS catalogue: the catalogue created by New

Zealand’s Te Pū Ao, or Institute of Geological and Nuclear Sciences. We gather

seismograms from GNS seismic stations stored in the IRIS data centre, using the

obspyDMT software (Hosseini and Sigloch, 2017). Only stations within 4° of an

earthquake’s epicentre are included.
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5.2.2 Identifying mainshocks

The initial earthquake catalogue consists of 12,769 M ≥ 3 events between 2005-

01-01 and 2020-01-01, in a region between 175° and 180°W and 37° and 40°S,

with no constraint on focal mechanism. Of these earthquakes, 11,236 have usable

data: there is at least one station where all 3 components have data for an hour

before and after these earthquakes.

Each of the identified M ≥ 3 earthquakes is a candidate mainshock. However,

even M ≥ 3 earthquakes are clustered, and we want to consider our mainshock

earthquakes independently, without considering the effects of nearby seismicity.

We also want the background seismicity to be roughly constant throughout the

30 minutes before and after each of our mainshocks. Therefore, we do not want

our mainshocks to be too close in time to previous large earthquakes, which often

trigger a rapidly decaying seismicity rate and so we accept an earthquake to be

a mainshock only if it is larger than all other earthquakes within a certain time

interval and within a distance radius of 0.3°. All results presented consider the

largest event within 24 hours (giving n = 1947).

5.3 Detection Methods

Once we have identified our mainshocks, we can search for foreshocks and aftershocks.

5.3.1 Mainshock templates

To begin, we identify and extract each mainshock’s P waves to use as templates.

We make a preliminary estimation of the P wave pick by calculating the travel

time of the earthquake waves to each station using obspy TauP (Crotwell et al.,

1999) and the AK135 model (Kennett et al., 1995). This calculation predicts the

P pick to within ±10 s. To improve the pick accuracy, we then apply a STA-LTA

algorithm to a high-passed version of the data in this 20 second window, using a

corner frequency of 1.5 Hz. The earliest STA-LTA trigger (Withers et al., 1998)

on any component is taken as the P wave arrival. After we identify the arrival, we
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apply a bandpass filter at 1.5 to 10 Hz and extract an interval from 1 second before

to 2 seconds after the P arrival pick. This part of the seismogram is our template.

5.3.2 Phase coherence calculation: Theory

We use this template to search for earthquakes with similar Green’s functions

within a one-hour window of the continuous data, 30 minutes either side of the

mainshock. We use the phase coherence method outlined by Hawthorne and

Ampuero (2017) and summarised in Figure 5.2, which identifies co-located seismic

sources by comparing the seismograms recorded at multiple stations or on multiple

components at a single station.

Consider two co-located earthquakes: one recorded in the continuous data and

one recorded in the template data. Their seismograms are a convolution of the

source-time function, s, and the Green’s function, g. Thus their seismograms at

station or component k can be written as dck = sc ∗ gk and dtk = st ∗ gk respectively.

The Green’s function, gk, is common between them as they are co-located and

measured at the same station.

To calculate the phase coherence, we first cross-correlate the two signals mea-

sured at station k,

x̂k = (ŝcĝk) (ŝtĝk)∗ , (5.2)

where ŝt is the Fourier transform of st and ∗ denotes the complex conjugate.

The co-located earthquakes were also measured at another station, l. The

cross-correlation of both waveforms at that station is x̂l = (ŝcĝl) (ŝtĝl)∗.

We can now cross-correlate between these two stations,

Cp = Re
 ((ŝcĝk) (ŝtĝk)∗) ((ŝcĝl) (ŝtĝl)∗)∗∣∣∣((ŝcĝk)(ŝtĝk)∗) ((ŝcĝl) (ŝtĝl)∗)∗

∣∣∣
 , (5.3)

and if the two sources were indeed co-located, then the normalised value of this

inter-station cross correlation would be 1. As we discuss in Section 5.3.3, it is

also possible to cross-correlate the signals recorded on different components at
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Figure 5.2: A flowchart illustrating the phase coherence calculation. In italics, the
number of pieces of data (timeseries or single numbers) after each step. N_sta represents
the number of stations, N_comp, the number of components, N_sta_pair the number of
station pairs, and N_comp_pair the number of component pairs.
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a single station, rather than between two different stations. We call this inter-

component phase coherence.

When we calculate the phase coherence

Cp = Re
[

x̂kx̂∗
l

|x̂kx̂∗
l |

]
, (5.4)

we calculate it at each frequency between 1.5 and 10 Hz. We then average Cp

over our frequency range of interest,

Cp = Re
(

1∑m=N
m=1 wm

m=N∑
m=1

wm

[
x̂∗

1mx̂2m

|x̂∗
1mx̂2m|

])
. (5.5)

The weighting w at frequency m is 1 when m is in the centre of the frequency interval

and tapered to zero with a cosine taper at the edges of the frequency interval.

As in the case of the co-located earthquakes we discussed previously, the Cp value

should be high if the continuous data contains a source co-located with the template.

In this case, the inter-source correlations implicit in the x̂k = d̂ckd̂∗
tk calculations turn

out to eliminate the phases of the Green’s function. The subsequent inter-station

or inter-component correlations are denoted by x̂kx̂∗
l and are a frequency domain

version of an unnormalised cross-correlation in the time domain, which eliminates

the phases of the source time functions. So if the continuous data segment contains

a source co-located with the template, all the phases that result from inter-source

cross-correlation (xk and xl) are eliminated. Both the numerator and denominator

should be real and positive, and Cp should equal 1.

When looking at real earthquakes, of course, Cp never reaches 1 because there

is always some noise, and filtering modifies equation 5.3 so it is no longer exact.

The data are also modified when windows of the seismograms are extracted for

calculation. We therefore search for significantly positive values of Cp, and we

follow the windowing and tapering approach used by Hawthorne and Ampuero

(2017) to mitigate the effects of truncation. Specifically, we first cross-correlate

our templates with the entire continuous data record. We then extract 1-second

windows of the data and calculate x̂.
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This phase coherence method allows us to search for a variety of signal types.

It can identify nearby seismic sources even if they have complex, extended source

time functions. We can detect foreshocks with source time functions similar to

the mainshock, foreshocks with shorter source time functions, and any tremor-

like foreshock sequences.

5.3.3 Phase Coherence Types and Detections

We compute two types of phase coherence (Equation 5.5): Cp−stat, the inter-station

phase coherence; and Cp−comp, the inter-component phase coherence. We show

the difference in the two types schematically in Figure 5.2. We calculate both in

1-second windows, separated by 0.2 s, for 1800 s before and after each mainshock

and plot the results in Figure 5.3.

We cross-correlate the signal from different stations to find the inter-station

coherence (Cp−stat)—k and l index different stations in equation 5.5—and we then

average across station pairs. Note that inter-station coherence can only detect

earthquakes which are within a fraction of a seismic wavelength of the mainshock

(Geller and Mueller, 1980; Gombert and Hawthorne, 2023). Any shift in the

earthquake location shifts the station arrival times. The time shifts make the

Green’s functions (g in equation 5.3) appear different between the mainshock and

foreshock and thus reduce the phase coherence between the two signals.

Inter-component phase coherence quantifies coherence between the different

components (E, N, Z) at the same station—k and l index different components

in equation 5.5—and we then average across component pairs and station pairs.

The limited number of channels makes the output noisier. However, this approach

also allows us to detect foreshocks and aftershocks that are some distance from

the mainshock. With inter-component coherence, shifted earthquake locations

still change the station arrival times, but the time shifts are the same across all

three components at a given station, and those time-shifts are eliminated when

we compute the inter-component coherence. Cp−comp thus measures the similarity

in the shape of the Green’s functions between the mainshock template and a
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Figure 5.3: a): Velocity seismogram at one station (NZ.BFZ) for 1 hour around an
earthquake (2019-10-19 at 17:28:31.26; 37.919°S, 176.426°E; 4.3 mb).
b): Inter-station phase coherence.
c): Inter-component phase coherence.
In b) and c), time is centred on the mainshock and horizontal lines denote 2 and 4 s.d.
above the mean phase coherence values. The red vertical line shows the signal in the
phase coherence values of an aftershock clearly visible in the velocity seismogram. 6
stations are used in the calculation (BFZ, BKZ, HIZ, KHZ, QRZ, URZ).

window of the continuous signal. We are therefore able to make detections of

foreshocks and aftershocks in a region up to around 10 km from the mainshock

(Gombert and Hawthorne, 2023).

5.3.4 Detection thresholds and uncertainty

We set thresholds to define detections within the continuous phase coherence records.

First, we take the mean of the phase coherence over the full 3600 seconds. We

then define a detection as when the phase coherence exceeds 2, 3, or 4 times the

standard deviation from the mean. We plot histograms of the number of detections

in Cp−stat and Cp−comp through time in Figure 5.4.
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Figure 5.4: Plots of detections in phase coherence through time. The lines join the
midpoint of the top of each histogram bar, showing the distribution in the number of
detections through time. Panels a) and c) show inter-station phase coherence whilst
panels b) and d) show inter-component phase coherence. Panels a) and b) show the full
time around the earthquake and bin detections into 10 s bins. Panels c) and d) show
400s before and after the mainshock and use 1 s bins. Shading shows the 70% confidence
interval. Orange line and shading is for detections at 2 s.d., purple for 3 s.d., and blue for
4 s.d.

Many of our detections are false detections, due to the low detection thresholds

we use. However, we are interested in deviations from this stationary rate, which

shows changes from the background rate of seismicity.

To assess the uncertainty in the detection rate through time, we use bootstrap

resampling to recompute the number of detections using different subsets of the

mainshock population. To create each subset, we resample the mainshock population

randomly, with replacement, until the resampled population is the same size as the

original population. We then calculate the detection rate again. We repeat this

process 100 times to estimate the uncertainty on the detection rate, as illustrated
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with the shading in Figure 5.4.

In principle the signal to noise ratio (SNR) should affect the detection threshold.

In practice, though, we find that the SNR has minimal effect on our detection

capability. We calculate the SNR normalized by moment for each earthquake-

component pair and found very little difference (∼ 1%) between the number of

detections made for the 1000 mainshocks with the lowest SNR compared to the 1000

with the highest SNR. This is likely due to the averaging across stations which is

inherent in the method (see Figure 5.2), and thus most earthquakes have recordings

at some stations which have high SNR and others which have low.

5.3.5 Magnitude resolution

We want to compare our detections to expectations from ETAS models which requires

knowledge of our detection capability. Here, then, we estimate the magnitude of

completeness of our detections.

Our analysis leaves us with 1,165,952 detections including background earth-

quakes, false detections, foreshocks, and aftershocks. All of the detected earthquakes

should be smaller than M3, as we considered all M ≥ 3 earthquakes in the GNS

catalogue as potential mainshocks. But some of the detected earthquakes are

between M2.5 and 3. These earthquakes should be in the GNS catalogue, as that

catalogue is complete to M2.5. So we search the GNS catalogue for M2.5 − 3

earthquakes that occur at the same time as our detections. We identify 918 such

earthquakes distributed at a range of times before and after the mainshocks.

However, many of these earthquakes are part of a background seismicity rate, as

are many of our other detections, and we cannot distinguish a constant background

seismicity rate from a constant rate of false detections. So we subtract an estimated

background rate from our detections: we remove the average number of events

in a 400-s window at the start of the 30-minute interval. This subtraction leaves

11,233 foreshock and aftershock detections in total, 100 of which are between M2.5

and 3 and are present in GNS catalogue.
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We use the number of M2.5−3 foreshocks and aftershocks (N2.5>M>3) to find the

parameter a of a Gutenberg-Richter distribution, where the number of earthquakes

between M2.5 and 3 is 10a−2.5b − 10a−3b. Here a is a measure of the total seismicity

in the region, and we estimate it to be 4.665. We assume b = 1.

Given the a-value, we can calculate the number of events above any given

minimum magnitude Mmin:

N(M > Mmin) = 10a(10−bMmin), (5.6)

We set this number equal to 11,233, the number of foreshocks and aftershocks we

detect, and solve for the minimum magnitude Mmin, obtaining

Mmin = − log10

( 11233
104.665

)
= 0.61. (5.7)

These calculations suggest that we have detected earthquakes down to around M0.6.

In the above, we consider a perfectly defined magnitude of completeness, where

we detect all earthquakes above Mc, and no earthquakes below Mc (Figure C.2a).

In reality this is an over-simplification as there is a gradual taper from measuring

all earthquakes, to measuring none, over some magnitude window. We discuss

this more in Section C.2 and find that with a cosine taper that the magnitude of

completeness is between M0 and M1 (Figure C.3).

5.4 Patterns in phase coherence through time

Now that we have our earthquake detections and an estimate of the range of

earthquake magnitudes we can detect, we examine how the number of detections

varies with time from the mainshock. Throughout our calculations, we ignore

detections between -1 s and 2 s of the mainshock, as that interval is contaminated

by the mainshock.

If earthquake-earthquake triggering controls all earthquake clustering, we expect

the foreshock and aftershock rate to follow Omori’s law, with the earthquake rate

decaying as t−1 with time before or after the mainshock (Parsons, 2002; Helmstetter

et al., 2003; Felzer et al., 2004). However, if nucleation is more complex, and
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external processes influence slip acceleration, the earthquake rate may or may not

follow this characteristic power-law decay.

5.4.1 Inter-station Coherence

Figure 5.4a shows the inter-station detections through time, averaged across all

three components. We do not see any patterns in the detection rate. The detection

rate is constant within error, with a rate of 544 detections per 10-second bin,

outside of the window around the mainshock. We also see no variation in detection

rate on a shorter timescale: in the 400 s before and after the mainshock, using

a histogram bin width of 1 s (Figure 5.4c).

5.4.2 Inter-component

Inter-component phase coherence, averaged across different stations has a back-

ground detection rate of about 495 per 10-s time bin (Figure 5.4b). Many of these

are false detections, where noise in the 3-component calculation happens to be

slightly coherent with the template, but that false detection rate is constant in time

and cannot be distinguished from the background seismicity rate. On top of the

constant, we see a variation in detection rate which appears to come from foreshocks

and aftershocks. The number of detections increases just before the mainshock

and then gradually decreases after the mainshock. Even after the detection rate

has decreased and starts to level out, the number of detections remains slightly

elevated; we consider only 30 minutes after the mainshock, and seismicity has not

yet returned to regular background levels.

As one check on our results, we calculate the ratio of the peak detections to the

average background detection rate using various detection thresholds. We find that

the peak detection rate is 2.44× the background for detections at 2 s.d., 4.70× the

background for detections at 3 s.d. at 13.6× the background for detections at 4

s.d.. This lends credence to the idea that our detections above the background rate

are real; as we increase the strength of our detection criterion we detect a higher

proportion of high quality (real and above the background rate) detections.
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Shorter-timescale variations may be better seen in Figure 5.4d, where we plot

the detection rate in the 400 s before and after the mainshock, using 1-s bins. The

detection rate increases abruptly in the seconds before the mainshock. After the

mainshock, detections decrease steadily following a power-law distribution.

5.4.3 Temporal patterns in foreshock and aftershock ac-
tivity

To better examine the distribution in time of our detections (at 2 s.d.), we plot them

in log-log space, where we see a clear power-law decay in detections (Figure 5.5a).

In an ETAS model, the seismicity rate before or after a mainshock decays as time−p,

following Omori’s law (Utsu et al., 1995). Here p is a decay parameter which is

typically around 1. If foreshocks and aftershocks both result from inter-earthquake

triggering, we expect the same p value to describe both Omori fits.

Here we attempt to fit our foreshock and aftershock rate as

N(t) = C1 + C2t
−p, (5.8)

where C1 is a constant representing the background rate, including false detections,

and C2 is a constant representing the number of foreshocks or aftershocks. The

aftershock distribution is fit well by this Omori’s law scaling, using p = 1 but

the numbers of foreshocks are underestimated at times close to the mainshock.

Figure 5.5a shows that the observed aftershock rate, denoted by the pink curve

(shading showing 70% confidence interval), is relatively close to the best-fit Omori

curve (purple curve) at all times from the mainshock. In fitting the Omori law

curve, we fix C1 as the background seismicity rate, calculated over the first 400

seconds, and look to optimise C2.

In Figure 5.5b, we optimise for the exponent, p, as well as for C2. Whilst the

Omori law with p = 1 gives a reasonable fit by eye, the optimised value of p = 0.56

shows that a better fit to the foreshock observations is achieved by varying the p

value away from 1, especially at times close to the mainshock. We can quantify the

goodness of fit using the R2 metric. We find R2 = 0.265 for p = 1 and R2 = 0.309
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Figure 5.5: Log-log plots of foreshock (blue) and aftershock (pink) detections at two
standard deviations time relative to mainshock arrival. Power law relations, following
Omori’s law, are plotted: in a) with the p-exponent fixed to 1, and in b) where p is
optimised independently for foreshocks and aftershocks. The asymptote for both is fixed
at the background detection value over the first 500 s (496 detections/10 s bin). The
point at 5 s (corresponding to 0-10 s for aftershocks and -10 –0 s for the foreshocks) is not
plotted, as we remove all detections within ±2 s of the mainshock due the peak spreading.
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for p = 0.56. Varying p has no real effect on the R2 value for aftershocks (0.947

for p = 1 and 0.961 for p = 1.118. Despite the small improvement in the R2

metric, p = 0.56 is statistically significantly different than p = 1. In Figure C.4,

we bootstrap our detections in the same way as Section 5.3.4 and then fit Omori

decays to each of these bootstraps, to understand the uncertainty in the power-law

exponent. We plot the distribution of the exponent in Figure C.5, and see that both

the foreshocks and the aftershocks have an optimal fit exponent which is not 1.

5.5 ETAS model

We would also like to estimate the numbers of foreshocks and aftershocks expected

from an ETAS model. To do this, we must first estimate the ETAS parameters

(see Section 5.1.1) for our study area. To invert for the ETAS parameters, we

use the same GNS earthquake catalogue (M ≥ 3, 2005–2020) that we used to

identify the mainshock events for phase coherence.

While the ETAS model parameter estimates can show some sensitivity to the

chosen minimum triggering threshold (Bantidi et al., 2024), we select M0 = 3

based on two key considerations: (1) using the same dataset with same minimum

magnitude ensures consistency and comparability between the ETAS results and

our observational findings, and (2) this threshold aligns with established practices

in regional studies, which typically use 2.5 ≤ M0 ≤ 4. This range ensures that

all earthquakes capable of contributing to the triggering process are included,

particularly for regions with strong seismic network coverage (e.g. Guo et al., 2015;

Bantidi et al., 2024; Li et al., 2024)

The time series of our dataset includes various periods of temporal incompleteness

between 2005–2020 (Figure C.6). Studies have shown that such gaps in earthquake

catalogues, ranging from short-term to long-term incompleteness, can introduce

significant biases in the ETAS model inversions and parameter estimations (Hainzl,

2021; Naylor et al., 2023). To address this issue, we applied a modified version of the

ETAS model proposed by Kamranzad (2024), which incorporates a time-dependent

censorship function specifically designed to account for temporal incompleteness in
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Figure 5.6: Posteriors of the ETAS parameters. µ has units of events per day; c has
units of days; and K, α and p have no units.

the data. By adjusting the ETAS conditional intensity and likelihood functions,

it compensates for missing events, reducing the impact of incompleteness and

improving the accuracy of model parameter estimates. The modified ETAS

model uses a fast Bayesian approximation called the Integrated Nested Laplace

Approximation (INLA) method (Rue et al., 2009; Bachl et al., 2019). This method,

applied in the ETAS modelling (Naylor et al., 2023; Kamranzad, 2024), produces

posterior distributions for the model parameters instead of single point estimates,

enabling the quantification of uncertainty associated with each parameter estimate.

The resulting posterior distributions are illustrated in Figure 5.6, with the vector

of posterior modes given as (µ = 0.89 per day, K = 0.68, α = 1.28, c = 0.2

days, p = 1.3).

To account for parameter variability and incorporate uncertainties, we sample

from the ETAS posterior distributions. Using different sets of the sampled pa-

rameters, we simulate 40 synthetic earthquake catalogues over a 15-year period,

including events with magnitudes down to M = 0.
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Table 5.1: Observed and bootstrapped foreshock-aftershock ratios.

Mag. range Obs. ratio Mean bootstrap St.dev. bootstrap
M ≥ 3 0.113 0.103 0.048
M ≥ 4 0.096 0.092 0.048
M3 − 4 0.159 0.156 0.117

Mag. range gives the magnitude range under consideration. Obs. ratio gives the observed
ratio. Mean bootstrap gives the mean ratio found from bootstrapping, whilst St.Dev.
bootstrap gives the standard deviation on this ratio.

5.6 Foreshock:aftershock ratio

We compare the observed foreshock:aftershock ratio to that expected from our

ETAS model, to provide a more rigorous assessment of the earthquake-earthquake

triggering model.

5.6.1 Observations

To compute the number of foreshocks and aftershocks, we first subtract the

background detection rate: the average rate in the -1800 to -1400 seconds before

the mainshock. We assume that each remaining detection represents a single

earthquake, and we sum the number of detections before and after the mainshocks

to get the number of foreshocks and aftershocks, respectively. We then compute

the foreshock:aftershock ratio for groups of mainshocks with different magnitudes.

In Figure 5.7, we plot the observed ratio (navy line) and its bootstrapped

distribution and confidence intervals (blue bars) for all mainshocks (also see Table

5.1). Figures C.7 and C.8 show the result for the other mainshock magnitude groups.

The declustering window has more of an impact on the observed ratio than

the background window (Table C.1). However, since we use the same background

and declustering windows for analysis of both our observations and the ETAS

results, this should not impact our conclusions.

For some magnitude ranges, the foreshock:aftershock ratios estimated from

bootstrapping include negative values, which are not physically interpretable. The
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Figure 5.7: The foreshock-aftershock ratios found from our observations (blue) and
from ETAS models (yellow/brown) for all mainshocks. The vertical dashed line shows the
observed ratio, and the blue distribution shows the uncertainty on this ratio found from
bootstrapping. The yellow/brown histograms show the distribution of the ratio found
from the 40 ETAS simulations. The different panels have a different detection threshold
of foreshocks and aftershocks in the ETAS simulation (M0, M0.5 and M1 from left to
right).

negative values in the distribution simply tells us that the uncertainty includes zero

wherein there are zero detectable foreshocks above the background seismicity rate.

5.6.2 Comparing observations and predictions
5.6.2.1 Foreshock-aftershock ratio

We compare the distribution of observed foreshock-aftershock ratios against the

distribution of ratios found from the ETAS model (Figure 5.8), in three mainshock

magnitude ranges: all the mainshocks (M ≥ 3), M3 − 4 and M ≥ 4. For the ETAS

models, we compute the foreshock-to-aftershock ratio for each of our 40 simulations.

The smallest magnitude of event we can detect is a major source of uncertainty. We

estimated it to be ≈ 0.5 in Section 5.3.5, but we additionally do these calculations

for detection limits of both M0 and M1 (Section C.2).

We compare the distribution of observed ratios against the distribution of ratios

found from the ETAS model for all mainshocks (M ≥ 3) in Figure 5.7 (Figures C.7

and C.8 for the M ≥ 4 and M3 − 4 subsets respectively), and see that the observed

ratio seems to generally be higher than predicted from ETAS, but that there is a

relatively large range within the results. The distribution of the ratio found from
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Figure 5.8: Workflow for investigating ‘observed’ and ‘predicted (expected)’ fore-
shock/aftershock ratios.

ETAS, and the distribution of the ratio found from our observations, reflect subtly

different uncertainties. The distribution of the ratio found from ETAS reflects how

uncertainty in the ETAS parameters (Figure 5.6) impacts the foreshock-aftershock

ratio we find. Meanwhile the distribution of the ratio found from our observations

reflects the uncertainty in our observed ratio. This means we cannot determine

whether ETAS adequately reflects our observations simply by testing whether the

two distributions are statistically likely to arise from the same parent distribution

(i.e. by conducting a two-sample Kolmogorov-Smirnov test).

Instead we randomly sample from both distributions and ask whether the ratio

from the ETAS distribution is larger or smaller than the ratio from the distribution

of our observations. By repeating this 1000 times, we can generate a distribution of
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this difference. If ETAS explains the observations, then we expect this distribution

to be centred on 0. For M ≥ 3 mainshocks, we find that the mean difference is

0.10 (σ = 0.07) and the median difference is 0.10. So whilst the ETAS ratio is

smaller than the observed ratio 93% of the time (Table 5.2), the distribution of the

difference is indistinguishable from zero at two standard deviations.

Table 5.2: Statistics of the distribution of the difference between the foreshock-aftershock
ratio calculated from ETAS and from observations.

Min M Max. M Det. lim. Mean diff. StDev diff. Median diff. % > 0
3.0 10.0 0.0 0.10 0.07 0.10 93.25

0.5 0.11 0.12 0.09 80.50
1.0 0.12 0.16 0.12 75.52

4.0 10.0 0.0 0.09 0.06 0.08 91.38
0.5 0.08 0.11 0.07 78.70
1.0 0.11 0.16 0.09 72.58

3.0 4.0 0.0 0.22 0.31 0.17 76.78
0.5 0.26 0.46 0.19 73.45
1.0 -1.30 10.93 0.24 69.50

Notes: Min. M is the minimum mainshock magnitude considered; Max. M is the
maximum mainshock magnitude considered (10 is larger than the largest event in the
catalogue); Det. lim. is the smallest foreshock or aftershock we can detect; Mean diff. is
mean difference between the ETAS and observed FS:AS ratios after sampling as described
in the main text; Median diff. is median difference; StDev diff. is the standard deviation
of the difference; % > 0 is the proportion of pairwise comparisons where the ratio observed
is greater than the ratio predicted from ETAS.

As we look at the distribution of the difference between the foreshock-aftershock

ratio found from ETAS and that from our observations, we see all the mainshock

magnitude and detection limit combinations form a vaguely Gaussian distribution

(Figure 5.9). The M ≥ 3 and M ≥ 4 mainshocks with a detection limit of M0

form a very clear normal distribution. The ratio found from our observations is

greater than that found from ETAS 93% and 91% of the time respectively. As we

look at higher detection limits, the distribution becomes broader, less Gaussian

and develops a positive skew (long tail at high difference values). The M3 − 4

mainshock group results are much broader again and less smooth, which is at least
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partly attributable to the smaller number of mainshocks going into this estimate.

The M1 detection limit results for the M3 − 4 mainshocks have a very different

mean difference value, of −1.30 and a high standard deviation (10.93) (Table 5.2).

The M ≥ 3 and M ≥ 4 results are the most robust and thus we can conclude

that our observed foreshock-aftershock ratio could result from an ETAS model

at 2-sigma confidence.

The ETAS models produce a much higher probability of a negative foreshock-

aftershock ratio than our observations (Figures 5.7, C.7 and C.8). In all cases, the

negative foreshock-aftershock ratio is attributable to a lack of increase in foreshock

activity compared to the background in the 30 minutes before the mainshock.

5.6.2.2 Temporal patterns

In our observations, there is a clear exponential increase in activity before the

mainshock, and an exponential decay after the mainshock (see Section 5.4 and

Figure 5.5). In the results from the ETAS models (Figures 5.10 and C.9) we do

not see this pattern. Indeed, a linear fit (bold dotted lines) appears to provide a

similar goodness-of-fit. Quantifying this by calculating the R2 value we find that

the linear fit produces a higher R2 for both foreshocks and aftershocks (Foreshocks:

linear R2 = 0.00137, Omori R2 = 0.000; Aftershocks: linear R2 = 0.0644, Omori

R2 = 0.00530). However, all the R2 values are very low (recall R2 = [0, 1]),

suggesting that neither line is a particularly good fit. Looking at Figure 5.10, this

makes sense, since the variation in the ratio between different data-points is so

significant compared to the trend of the line.

It is also notable that the ETAS models produce fewer foreshocks and aftershocks

at background compared to our observations.

5.6.3 Foreshocks and aftershocks per mainshock

Comparing the number of aftershocks per mainshock, we see that ETAS produces

fewer aftershocks per mainshock in all mainshock magnitude ranges and detection

limits (Figures 5.11, C.10 and C.11). Higher detection limits result in fewer
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Figure 5.9: Histograms of the difference in foreshock-aftershock ratio between randomly
sampled bootstraps of the observations and randomly sampled ETAS model runs.
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Figure 5.10: Log-log plot of foreshock (blue) and aftershock (pink) detections found
from the ETAS models with time relative to mainshock arrival. Power law relations,
following Omori’s law, are plotted as dashed lines. Linear relationship is plotted as a
dotted line.

aftershocks per mainshock, which is to be expected. We observe that larger events

have more aftershocks per mainshock (mean = 6.05 for M ≥ 3 mainshocks, 9.22

for M ≥ 4 mainshocks and 3.34 for M3 − 4 mainshocks).

Moving onto the number of foreshocks per mainshock, all three detection limits

produce fewer foreshocks per mainshock than we observe (Figures 5.11, C.10 and

C.11). We see that larger mainshocks have more foreshocks per mainshock. The

distribution of foreshocks per mainshock is much tighter for the M ≥ 4 mainshock

group than for the M ≥ 3 and M3 − 4 groups.
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Figure 5.11: Histograms of the number of aftershocks per mainshock (top panel) and
foreshocks per mainshock (bottom panel) using all mainshocks. The observations are in
grey and the ratios found from ETAS in yellow-brown (darker colours show increased
detection limit).

5.7 Sequences

The improved Omori fit for foreshocks when p ̸= 1 suggests that nucleation is not

entirely explained by earthquake-earthquake triggering, but it is a relatively subtle

indication. We therefore look for something which would more obviously indicate

slip acceleration: foreshock sequences. Tape et al. (2018) identified intense, minute-

long sequences of foreshocks before mainshocks in Alaska. We thus systematically

look for sequences of detections before and after our mainshocks.

We look for sequences in windows of different lengths, from 5 to 20 s. For each

window length, we compute the fraction of the 1-s bins which contain detections. A
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high fraction indicates a number of detections in short succession, which we consider

a foreshock sequence. We then compare this fraction to a range of thresholds,

between 10% and 100%, to determine if the window contains a sequence. With

these thresholds, we identify a large number of sequences, particularly at times

close to the mainshock and for short window lengths (Figure 5.12).

Figure 5.12: Histograms of detections of sequences for different time windows and
proportion of window filled. The mainshock occurs at time 0, but to avoid any double
counting, we ignore detections for the 2 seconds before and after it. Blank boxes show no
sequences were detected.

We examine a number of the apparent sequences visually. In Figure 5.13, we

show the phase coherence record and a seismogram for one of these sequences, shown

by the blue box. This sequence has a detection in 100% of the 5 second window: the

signal that originates in this time window is coherent with that of the mainshock.

We compare the ratio of sequences to detections in different time windows

to see if there is a statistically significant increase in the number of sequences

as we approach the mainshock.
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Figure 5.13: A sequence detection. The top panels show normalised velocity seismograms
from 6 stations with the detected sequence highlighted by the blue box. The bottom
panel shows the phase coherence value, with the horizontal grey line being 2 s.d. above
the mean value. Note that the CP value for this window is above the detection limit. For
comparison, the average Cp value of the full 3600 s record shown in Figure 5.3 is 0.001.
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Over the first 200 seconds of the record (−1800 – −1600 s, considered to

be representative of the background), there are 0.0083 sequences per detection

(considering a sequence to be 60%+ of a 5 second window). The 95% confidence

interval on this number is 0.0075 – 0.0090. In the window 1750–1797 (the 50 seconds

before the mainshock, removing the blanked window around the mainshock), the

ratio is 0.0113. In other words the sequence rate has increased by 17% whilst

the detection rate (including false detections) has increased by 10%. The more

dramatic increase in sequence rate suggests the increased sequence rate comes

from detection clustering, not just an increased number of detections, though we

have not robustly analysed the statistics.

As we consider larger proportions of the window, and longer windows, the se-

quence rate appears constant through time, but this may just result from an increase

in the uncertainty, as very few sequences are identified in any one time interval.

5.8 Discussion

In this work, we have used a coherence-based approach to detect numerous foreshocks

and aftershocks in the 30 minutes before and after mainshocks. Whilst the inter-

component phase coherence makes many detections of foreshocks and aftershocks,

the inter-station phase coherence, on the other hand, detects few to no foreshocks

and aftershocks. The lack of inter-station detections could imply that 1) the

foreshocks and aftershocks are not perfectly co-located with the mainshock or 2) the

foreshocks and aftershocks are too small to be detected on more than one station.

We have chosen to analyse the detections made with inter-component phase

coherence. We find that:

1. The foreshock:aftershock ratio is in-line with that expected from ETAS models

at 2 standard deviations.

2. We observe more foreshocks and aftershocks per mainshock than predicted by

an ETAS model.

3. The observed foreshock and aftershock rates are well fit by a power-law.
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4. The observed foreshock rate is better fit by an Omori power law decay with

p = 0.56 than one with p = 1.

5. The ETAS models do not produce a significant power-law increase or decay

on the short time windows under consideration.

6. There is a statistically significant increase in the number of foreshock sequences

before the mainshocks, but there are no obvious tremor-like precursors.

That the uncertainty in the difference between our observed foreshock-aftershock

ratio and the ratio we find from ETAS includes zero, suggests that ETAS explains

at least some of our observations.

However, some of our observations are not well explained by ETAS: we see far

more foreshocks and aftershocks per mainshock than modelled by ETAS, and we

observe power-law decays in our observations of both foreshocks and aftershocks

which are not apparent in the ETAS simulations.

We therefore propose that on the short time scales we consider, a combination

of stochastic triggering and external processes such as aseismic slip or pore-fluid

pressure changes are involved in earthquake nucleation. These processes would

help explain the elevated foreshock and aftershock activity we observe as well as

explaining why we see a much stronger exponential decay in our observations than

predicted by ETAS. This proposal is similar to the findings of Yao et al. (2020)

who required a combination of aseismic slip and cascade triggering to best explain

foreshock observations in the 2010 El Mayor-Cucapeh sequence. The external

processes acting on the fault may even cause fault conditions to change between

foreshocks and aftershocks (unlike Brodsky, 2011), so that external-process-mediated

earthquake-earthquake triggering occurs in different conditions (e.g. Helmstetter

et al., 2003). Changing conditions on the fault, such as through fault-valve action

during the mainshock, might also explain why the optimised Omori fits for both

foreshocks and aftershocks are found by varying the p exponent away from 1, but

that foreshocks require an exponent of 0.56, whilst aftershocks require an exponent

of 1.188 (Figures 5.5b and C.4).
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If foreshocks are clustered due to an external physical process rather than solely

resulting from earthquake-earthquake triggering, they may form an earthquake

swarm. A number of earthquake swarms have been recorded on the Hikurangi

subduction zone, thought to be triggered by both high-pressure fluid flow and

slow slip. These swarms are thought to have triggered some, but not all, larger

earthquakes (Evison and Rhoades, 1999; Reyners and Bannister, 2007). We might

expect swarms to have high rates of both foreshocks and aftershocks, since the

largest event (which we consider a mainshock) is unlikely to occur right at the

beginning or end of the swarm. On the timescales on which we look for foreshocks

and aftershocks (30 minutes), we may not see any increase in activity, since the

period we use to calculate the background rate is part of the swarm itself. This

means that we would correct for any increase in background rate and thus would

not record an increase in foreshock or aftershock activity.

We are unlikely to be seeing the full foreshock or aftershock sequence given

our short (30 minute) search window. Cochran et al. (2020) looked at clusters of

seismicity induced by fluid injection. They found that for larger clusters (more

than 10 events), the number of foreshocks and aftershocks was comparable, but

that the foreshock sequence was longer in duration than the aftershock sequence.

In windows shorter than the foreshock sequence, this would serve to reduce the

observed foreshock-aftershock ratio. In this case, the role of earthquake-earthquake

triggering may be reduced or removed compared to the role of external processes,

since our ratio would likely become different at α = 0.05.

Tectonic setting may also play a role in our observations. Observations of

foreshocks suggest that between 18% (van den Ende and Ampuero, 2020) and

72% (Trugman and Ross, 2019) of mainshocks in Southern California exhibit

elevated earthquake activity in the preceeding hours and days. Reasenberg (1999)

find that subduction zones have more foreshocks per mainshock compared to

continental settings like the San Andreas. This may therefore lead to a higher

foreshock:aftershock ratio if all settings have a similar propensity for aftershocks.

This might explain why whilst our observations are statistically similar to ETAS
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results, our observations do tend to have a higher foreshock-aftershock ratio than

expected (as described by the difference between randomly selected bootstraps of

our observations and randomly selected ETAS simulations).

It is strange that we do not see a power-law decay in the ETAS model foreshock

and aftershock rates. The strength of the power-law decay is primarily driven by

the parameter c that seems to be well constrained by the ETAS inversion that is,

itself, well justified. One explanation for this may be that c has some magnitude

dependence. If we consider that c may represent the nucleation time of nearby

earthquakes, or the timescale over which afterslip accumulates and loads a patch

before that patch ruptures, then it could make sense that smaller earthquakes can

be triggered at shorter timescales than the M ≥ 3 events used in the inversion. We

suggest that the magnitude-sensitivity of c, and subsequent impacts on the Omori

decay observed at short timescales, should be further investigated. Variation of c

may also impact the foreshock-aftershock ratio (Sornette and Werner, 2005; McGuire

et al., 2005; Brodsky, 2011). Unlike Brodsky (2011), we correct for short-timescale

catalogue incompleteness in our inversion for c, and run our calculations for a number

of Mmin cases which should alleviate some concerns around catalogue incompleteness.

Our observations lead us to propose that the nucleation of earthquakes occurs

via stochastic triggering in an external process mediated environment. A next step

would be to probe the spatial relationships of foreshocks, mainshocks and aftershocks

on fault planes to understand the patterns of stress transfer and interaction, to

better understand the relative importance of these two processes.

5.9 Conclusions

The nature of earthquake nucleation remains unclear. It is difficult to constrain

the processes involved, be they simple or complex, because there are limited

high-quality observations of foreshocks and aftershocks. Here we have made new

observations of foreshocks and aftershocks around M ≥ 3 mainshocks on the

Hikurangi subduction zone. We used a template-based coherence approach to detect

these small earthquakes. We have used a robust statistical approach to account for
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false detections by correcting for a background seismicity rate which incorporates

a temporally-stationary false detection rate.

We have found that the foreshock:aftershock ratio on the Hikurangi margin can

be explained by ETAS models, but that the models underestimate the absolute

numbers of foreshocks and aftershocks per mainshock. The seismicity rate decays as

a power law, better fit by Omori’s law with p = 0.56 than by p = 1, and the ETAS

models do not produce a clear power-law increase or decay in the short windows

around the mainshock that we consider. These observations lead us to suggest

that earthquake nucleation is explained by stochastic triggering in an external

process mediated environment such as aseismic slip, changes in pore fluid pressure

for example due to fluid migration, or a combination.

5.10 Open Research Section

Processing was primarily in Python 3.7 and was undertaken using Scipy (Virtanen

et al., 2020), Numpy (Harris et al., 2020), and Obspy (Beyreuther et al., 2010).

Plotting used Matplotlib (Hunter, 2007). Data was downloaded using obspyDMT

(Hosseini and Sigloch, 2017) and collected on the New Zealand seismic network,

NZ. Code is available here: https://github.com/RebeccaColquhoun/Colquhoun_

and_Hawthorne_earthquake_precursors and data was downloaded from the IRIS

data repository.

https://github.com/RebeccaColquhoun/Colquhoun_and_Hawthorne_earthquake_precursors
https://github.com/RebeccaColquhoun/Colquhoun_and_Hawthorne_earthquake_precursors


6
Discussion and Conclusions

6.1 Aims and Contribution

In the introduction, I outlined three aims for each chapter. I begin by reflecting on

these aims before posing future work which would directly build on the work

of each chapter.

6.1.1 Chapter 3: Correlations between earthquake magni-
tude and early features of rupture in a global dataset

6.1.1.1 Reflection and review

Aim 1 Collate a dataset of M ≥ 3 earthquakes from around the world using an

internally consistent approach. Calculate four parameters (predominant

period, average period, peak ground displacement, integral of the velocity

squared) on short windows of the seismograms.

I collated a dataset of 4143 M ≥ 3 earthquakes from around the world, between

2005 and 2020. I used EQTransformer, a machine learning picker, to pick the P

wave arrivals on high signal-to-noise recordings of these earthquakes, with source-

receiver distances of less than 100 km. This is the first time that an ML picker

has been used in a determinism study, and this facilitates the use of such a large,

global dataset. I calculated the predominant period, average period, peak ground

194
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displacement and integral of the velocity squared in windows of 0.3, 0.5, 1 and 4

s after the P wave arrival. I also shifted these windows by ±0.1 s to understand

the sensitivity of our results to the P wave pick time.

Aim 2 Test whether these early features of seismograms are predictive of final

earthquake magnitude, and if so, the relative duration of the window in

which these features are required to be measured.

I found that all four parameters have a relationship with magnitude when

calculated in windows less than one-third of the earthquake duration. I calculated

statistics of the relationship between the parameters and magnitude as I gradually

increased the minimum magnitude of the dataset. I describe the minimum subset

magnitude at which the relationship between the parameter and magnitude is

no longer correlated as the ‘loss of significance magnitude’, as distinct from just

identifying the point at which the data deviates from a regression line as is usually

done. The weakest relationship is between predominant period and magnitude.

There is no relationship between predominant period and magnitude for earthquakes

over M5.1 in a 0.3 s window, and this does not significantly change as the window

lengthens (M5.3 for 4 s window), where the window is no longer significantly longer

than the events under consideration. As the window of calculation is extended,

average period and peak ground displacement both have an increasing magnitude

at which significance is lost, which corresponds to earthquakes with durations more

than three times the window length. The integral of the velocity squared has

a significant relationship with magnitude even in windows just one-tenth of the

earthquake duration. The loss of significance could be a real feature but may simply

result from a reduction in data density at high magnitudes. The loss of significance

magnitude is not impacted by the window length.

Aim 3 Pose physical explanations for our observations of early seismogram

parameters which can be input into earthquake models.

In response to our observations, I propose for the first time that predominant

period may be a measure of the time to rupture the initial asperity. For small
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earthquakes, this plays an important role in determining the final magnitude of

the earthquake, but becomes increasingly less important at higher magnitudes.

Relatedly, I propose that the average period may be a measure of all the asperities

ruptured during the window of measurement which could better account for

complexity in the earthquake rupture. Therefore, it maintains some relationship

with magnitude for larger earthquakes and longer windows. As has been previously

identified, I suggest that IV2 is related to the energy radiated by the earthquake,

and thus that larger earthquakes tend to start more energetically because they

are more likely to be able to overcome stress barriers. Finally, I propose that the

peak ground displacement is likely a measure of the early moment release in the

earthquake, and thus can make similar energetic arguments as I did for IV2. I do

not observe any short, low-moment rate nucleation phases.

6.1.1.2 Future Work

I have shown that early parameters of earthquakes scale with magnitude using a

large global dataset. However there is significant scatter in my results, which likely

originates from intrinsic differences between earthquakes due to things like tectonic

setting. As my next step, I would subdivide my dataset by tectonic setting and see

if the variance of the data is reduced. I would also conduct some regional studies

using the same unified approach that I have used for the global dataset. This would

allow for a better attenuation correction including regional scale maps of Q.

Finally, I would look for multivariate relationships. I avoided these during this

study because they provide fewer physical insights and I do not know whether

the parameters are independent, or just different measures of the same physical

process. If it is possible to account for auto-correlation, multi-variate regressions

may make my results more useful for hazard analysis and earthquake early warning.

However, this requires us to first test the understanding of the physical meanings

I propose for each parameter using source models.

It would also be interesting to model how well IV2, which is understood to be

related to the radiated seismic energy, gives insights into the total energy budget of
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an earthquake since, as I reviewed in Chapter 2, radiated energy is not the only

form of work done during an earthquake. It would be interesting to simulate various

source models to understand how well IV2 (and thus the radiated energy) represent

the total energy budget of the earthquake, and whether this can give insights into

if IV2 is better suited as a metric for some earthquakes.

6.1.2 Chapter 4: Patterns in source time functions reflect
variations in earthquake magnitude and inversion
approach

6.1.2.1 Reflection and review

Aim 1 Collate source time functions from five different databases of source time

functions that are based on different inversion approaches.

I collated a dataset of 11471 STFs from 4888 events and 5 databases. These

methods used a range of approaches to invert for the STF and thus impose different

assumptions on the resulting STF. I explored different ways to automatically

define the end of an STF in order to exclude water and sediment multiples and

artificially long tails.

Aim 2 Identify and quantify source time function features and test whether these

scale with earthquake magnitude.

I identified a range of features of STFs and find that many of these scale

with earthquake magnitude. Particularly, I found that the moment released in

the first seconds of the STF and the initial moment-acceleration rate both scale

with the final earthquake magnitude. However, it remains uncertain the degree

to which earthquakes have a slow nucleation phase, as there is a lot of variation

between events and datasets in the very earliest portion of the STF. I identified

that a trapezium geometry best fits the median STF, with a period of early moment

acceleration followed by a period of releasing moment at a constant rate and finally a

reduction in the moment-release rate as the earthquake ends. The relative durations

of each of these stages does not depend on magnitude. Finally, I quantified the

complexity of the STF, and found that a majority of STFs were not well fit by a
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single peak Gaussian function, which has important implications for earthquake

source modelling. Any patterns of STF complexity with magnitude were outweighed

by variations between datasets.

Aim 3 Examine the impact of dataset (and thus inversion method and assump-

tions) on source time function characteristics.

For the first time, I was able to systematically compare STFs between different

databases and inversion schemes. I found that the complexity of the STF is heavily

influenced by the inversion approach used. Some databases (e.g. Sigloch) produce

mostly very simple STFs, whilst others (e.g. SCARDEC) produce both simple and

complex STFs. Some databases also show a trend of increasing complexity with

magnitude, whilst others show a complex or decreasing complexity with magnitude.

I also see that STFs from some databases (e.g. Sigloch) release their moment much

more quickly than others (e.g. USGS). The median STF for the ISC dataset looks

manifestly different than all the other databases.

6.1.2.2 Future work

The design of this chapter aimed to maximise the number of STFs available, in order

to make our conclusions as robust as possible. However, as with Chapter 3, one

future development could be to look at variation in STFs with magnitude and dataset

using a subset of events in a specific region or tectonic setting (e.g. subduction

zones). This may help clarify the drivers of STF variability. I also propose that

further work should be undertaken on the causes of inter-dataset variation. One

way to approach this would be to use the different STF inversion methods on

synthetic waveform data, which would allow us to assess the fidelity of the resulting

STFs from different inversion schemes. That early moment release scales with final

magnitude suggests that large earthquakes may begin more energetically, and thus

are more able to overcome stress barriers. It would be interesting to use source

models to understand whether this theory is true, and how different the early stages

of rupture need to be in order to be distinguishable in the STF. Finally, I propose

further work on the reliability of the early stages of STFs through making use of the
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uncertainties which inherently arise from the ISC inversion approaches, but which

are not routinely published. It may be possible to add some measure of uncertainty

to the other inversion schemes or at least to examine the limits of the parameter

space that produce reasonable STF estimates for different earthquakes.

6.1.3 Chapter 5: Using foreshocks to constrain earthquake
nucleation: comparing foreshock to aftershock ratios
in the Hikurangi subduction zone to results from
ETAS

6.1.3.1 Reflection and review

Aim 1 Make new observations of foreshocks and aftershocks around M ≥ 3

earthquakes on the Hikurangi subduction zone, New Zealand.

Using phase coherence, I made over 1 million new detections of earthquakes in

the hour around M ≥ 3 mainshocks on the Hikurangi subduction zone. I approached

correcting for background seismicity and false detections in a novel manner which

results in a lower magnitude of completeness (∼M0.6). After this correction, I

made 11,233 detections of foreshocks and aftershocks.

Aim 2 Analyse temporal patterns in the detected foreshocks and aftershocks

in the hour around M ≥ 3 mainshocks.

I stacked our observations and saw a power-law increase in seismicity in the

seconds before the mainshocks and a power-law decay after the mainshock. This

was not reproduced by an ETAS simulation that had its parameters tuned using

the M ≥ 3 seismicity in the region.

Aim 3 Compare the foreshock-aftershock ratio and absolute numbers of foreshocks

and aftershocks between the observations and ETAS simulations.

At α = 0.05, the ETAS model can explain our observed foreshock-aftershock

ratio, but I see far more foreshocks and aftershocks per mainshock than the ETAS

model predicts. This could suggest that c has some magnitude dependence, since

the posterior distribution for c is well constrained and is found using a well-justified



6. Discussion and Conclusions 200

approach. I propose that the earthquake nucleation I observe is best explained

by stochastic earthquake-earthquake triggering occurring in an external process

mediated environment. I do not constrain whether this external process is aseismic

slip, fluid flow or a combination.

6.1.3.2 Future work

Our approach to false detections and background seismicity allows us to detect

seismicity down to ∼M0.6. However, it means that I cannot determine the location

or magnitude of specific foreshocks or aftershocks. Future work could use different

methods to identify seismicity and therefore be able to track the spatial progression of

seismicity before and after mainshocks. This might elucidate the relative role of fluid

flow and aseismic slip on earthquake nucleation. I also suggest that the magnitude

sensitivity of c be further investigated, as this may impact the agreement of the

observed foreshock-aftershock ratios and those arising from an ETAS simulation.

Finally, it would be interesting to use synthetic waveforms to understand the impact

of earthquake determinism (or lack thereof) on our ability to use phase coherence

to detect foreshocks and aftershocks. One avenue to exploring this would be to

vary the window lengths in which the phase coherence is calculated.

6.2 What is next for earthquake mechanics?

I have discussed the natural progression for the research presented in each chapter.

In this section I ask more broadly what is next for earthquake mechanics and

what, as a field, do we need to make it happen?

A major limitation in our ability to measure the earliest stages of earthquake

rupture is the sampling rate of our seismometers. The waveform based analysis in

this thesis used at most 100 Hz data. This means that I can only measure features

of up to 50 Hz. In reality, this was very difficult to do, and once I required a

period of waveform to analyse (Chapter 3), I could not analyse windows shorter

than 0.3 s or very small earthquakes (M < 3). Many seismometers are 20 or 40

Hz, and thus were unsuitable for my analysis. I propose densely instrumenting
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a few particularly seismically active regions with more 100 Hz seismometers and

much higher frequency (up to 1000 Hz) borehole seismometers. This would allow

us to gain better insights into the early phases of earthquakes and to test whether

high-sample rate instrumentation allows for better early warning capability.

A recent advance in seismic instrumentation comes from seismic nodes: small,

easily deployed instruments which allow incredibly dense deployment and deployment

in difficult conditions. “Large-N” seismology in seismically active areas would

facilitate very near source observations of seismicity potentially with inter-station

spacing that is less than the rupture dimensions. For small earthquakes, which

are normally considered as a point source this would allow us to understand the

evolution of rupture on the fault. By associating on/near fault observations with

early waveform parameters, it might be possible to observationally test my proposed

explanations for the different waveform parameters I calculated.

Dense seismic networks also allow the reduction in the minimum magnitude

of seismic detections, and an increase in accuracy of earthquake locations. This

would facilitate the spatial tracking of seismicity before large earthquakes, since

I expect different patterns of seismicity between fluid mediated seismicity and

aseismic slip induced seismicity.

Another development in instrumentation has been the advent of Distributed

Acoustic Sensing (DAS). Yin et al. (2023) has already tested the DAS for early

warning in offshore seismicity and discovered that it can increase warning times by

up to 3 s. DAS allows measurements of strain rate at very high spatial resolution

whilst still being practical over large distances. Whilst DAS has a lot of potential

for giving accurate earthquake location estimates, at the moment most locations are

ambiguous due to the linear geometries involved. One solution for this is time-domain

beam-forming and phase arrival-time difference on much shorter optical fibre lengths,

which can give much more accurate epicentre locations and is viable for real-time

EEW (Ben-Zeev and Lior, 2025). Increasingly, I think we will also see the integration

of geodetic data with seismic data for earthquake monitoring and mitigation.
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So far, I’ve discussed some ideas for what the bigger and better instrumentation

looks like. However, there is also significant value in long-term datasets. Being able

to make statistically robust findings relies on having lots of data. There was a step

change in instrumentation in 2005, and so every year that goes by, there are more

earthquakes to analyse and our understanding can only increase. Rolling out our

current instrumentation levels to more earthquake-prone regions of the world will

help facilitate understanding of the regional differences in seismicity.

I have discussed what advances in natural earthquake observation I hope to see.

However, I think that advances in lab seismicity will also play a significant role

in our understanding of earthquake nucleation. For example, Song and McLaskey

(2024) showed that interrupted events look closer to natural earthquakes than

complete ruptures. Therefore I might ask how different types of ‘interruption’

impact our observations of seismicity and how parallels can be drawn to natural

features. It will also be interesting to explore how different lab-fault materials

impact our observations of nucleation phases (I have seen conference talks using

foam as the fault surface and even rice!).

Lab studies also form part of asking how our observations scale to smaller

earthquakes, alongside induced seismicity. Fluids play an important role in mi-

croseismicity nucleation, and have been observed to mediate earthquakes induced

by fluid injection (Ellsworth, 2013; Foulger et al., 2018; Keranen and Weingarten,

2018). Can observations of earthquakes where fluids are known to be involved be

used to better understand if earthquakes look different when fluids are involved?

It may be that there is some interplay between the degree to which earthquakes

are deterministic and the processes involved in their nucleation. Icequakes are

another natural setting to look at this: in glacial settings, water is prevalent and

the temporal and spatial variations in water content are better resolved. Thus far,

most research that has investigated the interplay between fluid flow and glacial

seismicity has focused on icequake rates and locations (Podolskiy and Walter, 2016).

But glacial seismicity can also act as a natural laboratory to understand whether

the intrinsic nature of the seismicity is changed by fluid involvement.
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Whilst understanding earthquake processes is integral to building earthquake

early warning systems, I believe that the key to reducing the risk that earthquakes

present is in preparedness and resilience building. This includes having an earthquake

building code and ensuring buildings are up to code, as well as public awareness

of emergency response procedures and mitigating actions they can take. Even in

California, where ShakeAlert sends notifications to everyone’s mobile phones, early

warning can’t help if people do not respond to the alert.

6.3 Concluding remarks

I started my PhD thinking that it would be really helpful for earthquake early

warning. It turns out that doing statistics well often means that the grand,

revolutionary results found by previous authors are much more subtle than expected,

and with much more variation. However, I have robustly shown that windows of

the waveform less than one-third of the earthquake duration contain information on

the final magnitude of the earthquake. Indeed the integral of the velocity squared

parameter, which is related to radiated energy, can help constrain the magnitude

when only 10% of the earthquake has occurred. This suggests that earthquakes are

deterministic and that large and small earthquakes develop differently in their early

stages. I then proposed physical mechanisms to explain our observations.

I have shown that large and small earthquakes release their moment differently

using both waveforms and source time functions. Both of these show that large

earthquakes release early portions of their moment more quickly. Using source

time functions, I also found that STFs are generally complex with multiple peaks,

and have several clear phases of rupture. This has important implications for

earthquake source modelling.

All of this work requires earthquakes to have occurred. I therefore closed by

investigating whether earthquake-earthquake triggering could explain foreshock

occurrence on the Hikurangi subduction zone, New Zealand. I found that the

foreshock-to-aftershock ratio observed is explained by earthquake-earthquake trig-

gering models, but that the model underestimates the number of foreshocks and
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aftershocks I observe per mainshock and does not reproduce the power-law increase

and decrease in seismicity I observe around the M ≥ 3 mainshocks. Therefore

earthquake nucleation must be more complex, with stochastic triggering mediated

by fluid flow or aseismic slip.
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A.2 Magnitude-Duration Scalings

As outlined in Section 3, we can calculate the duration of average earthquakes

compared to our window lengths. We give comparisons between average duration

and magnitude in Table A.2 and Figure A.2.

Table A.2: Magnitude-duration comparisons.

0.3 s 0.5 s 1 s 4 s
Whole earthquake 4.0 4.45 5.05 6.25
2 x earthquake 4.6 5.05 5.65 6.85
3 x earthquake 4.95 5.4 6.0 7.2
10 x earthquake 6.0 6.45 7.05 7.95

Note: 2×, 3× and 10× give the magnitude of the earthquakes which are at least 2, 3 or
10 times the length of the window (0.3, 0.5, 1, 4 s).

Figure A.1: Duration-magnitude scalings based on different values of rupture velocity
(shape) and stress drop (linestyle). The orange line shows the scaling used in the main
text. Lighter shading shows the variation possible within stress drop bounds of 0.1–100
MPa, and darker, dotted shading shows the variation expected within stress drop bounds
of 1–10 MPa.
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A.3 Data filtering

We calculate the signal-to-noise ratio of the data before filtering, and discard data

with SNR < 20 (or where specified SNR < 5). We then filter the data as in

Table A.3 before doing our computations.

Table A.3: Filtering parameters used

Method Type Frequency Range (Hz) Corners
Predominant Period Bandpass 0.1–19 4
Average Period Highpass 0.078 3
IV2 - - -
Pd Highpass 0.075 4

These filtering parameters are determined efforts to reproduce results from

the literature. The highpass filter with three-corners at 0.078 Hz is similar to a

four-corner filter at 0.1 Hz, but manual analysis showed that the 0.078 Hz filter

more acccurately reproduced previously published results (see Table A.1).
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A.4 Azimuthal Coverage

Figure A.2: As Figure 3.2 but for τc.
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Figure A.3: As Figure 3.2 but for IV2.
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Figure A.4: As Figure 3.2 but for Pd.
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A.4.1 Azimuthal gaps

Figure A.5: As Figure 3.3 but for τc.
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Figure A.6: As Figure 3.3 but for IV2.
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Figure A.7: As Figure 3.3 but for Pd.
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A.5 Number of Stations used

Figure A.8: As Figure 3.4 but for τc.
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Figure A.9: As Figure 3.4 but for τc.
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Figure A.10: As Figure 3.4 but for Pd.
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Figure A.11: As Figure 3.4 but calculated in a 0.5 s window.
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Figure A.12: As Figure 3.4 but for τc calculated in a 0.5 s window.
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Figure A.13: As Figure 3.4 but for IV2 calculated in a 0.5 s window.
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Figure A.14: As Figure 3.4 but for Pd calculated in a 0.5 s window.
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Figure A.15: As Figure 3.4 but for a 1 s window.
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Figure A.16: As Figure 3.4 but for τc calculated in a 1 s window.
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Figure A.17: As Figure 3.4 but for IV2 calculated in a 1 s window.
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Figure A.18: As Figure 3.4 but for Pd calculated in a 1 s window.
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Figure A.19: As Figure 3.4 but for a 4 s window.
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Figure A.20: As Figure 3.4 but for τc calculated in a 4 s window.
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Figure A.21: As Figure 3.4 but for IV2 calculated in a 4 s window.
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Figure A.22: As Figure 3.4 but for Pd calculated in a 4 s window.
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A.6 Additional results

We calculate parameters for a range of time windows, and could not include all

the results in the main text. Additional results tables and figures are presented

here. See the main text for details.

Table A.4: Percentage of variance explained by a linear least squares fit. SNR = 20.

Window Parameter M ≥ 3 M ≥ 4 M ≥ 4.4 M ≥ 5 M ≥ 6.2

0.3

τmax
p 0.44 0.18 0.11 0.06 -0.07
τc 0.53 0.26 0.19 0.13 0.01

IV2 0.45 0.28 0.26 0.31 0.24
Pd 0.56 0.27 0.17 0.18 0.26

0.5

τmax
p 0.49 0.23 0.16 0.09 -0.09
τc 0.67 0.43 0.31 0.19 0.02

IV2 0.55 0.33 0.29 0.33 0.23
Pd 0.65 0.38 0.26 0.23 0.20

1.0

τmax
p 0.52 0.27 0.19 0.11 -0.08
τc 0.73 0.59 0.48 0.35 -0.01

IV2 0.66 0.41 0.34 0.35 0.15
Pd 0.74 0.51 0.38 0.28 0.15

4.0

τmax
p 0.53 0.28 0.21 0.13 -0.09
τc 0.71 0.61 0.52 0.41 0.09

IV2 0.78 0.58 0.49 0.45 0.19
Pd 0.79 0.61 0.50 0.39 0.30
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Table A.5: Percentage of variance explained by a linear least squares fit. SNR = 5.

Window Parameter M ≥ 3 M ≥ 4 M ≥ 4.4 M ≥ 5 M6+

0.3

τmax
p 0.36 0.15 0.11 0.00 0.03
τc 0.41 0.21 0.15 0.11 0.13

IV2 0.52 0.29 0.26 0.37 0.27
Pd 0.58 0.28 0.18 0.22 0.17

0.5

τmax
p 0.41 0.21 0.15 0.02 -0.02
τc 0.54 0.37 0.27 0.12 0.08

IV2 0.60 0.34 0.29 0.39 0.28
Pd 0.67 0.40 0.27 0.27 0.16

1.0

τmax
p 0.43 0.24 0.18 0.04 0.00
τc 0.62 0.53 0.44 0.23 0.06

IV2 0.69 0.42 0.34 0.40 0.24
Pd 0.75 0.52 0.39 0.31 0.16

4.0

τmax
p 0.44 0.25 0.19 0.05 0.01
τc 0.58 0.55 0.48 0.31 0.20

IV2 0.80 0.58 0.48 0.48 0.27
Pd 0.80 0.62 0.51 0.40 0.33

Table A.6: The Spearman’s rank correlation coefficients for each of the parameters,
calculated for four ∆ti values: 0.3, 0.5, 1 and 4 seconds.

∆ti 0.3 s 0.5 s 1 s 4 s
τp 0.48 0.52 0.55 0.56
τc 0.55 0.68 0.76 0.75
IV2 0.45 0.55 0.66 0.79
Pd 0.60 0.70 0.78 0.83
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Figure A.23: As in Figure 3.5, but for a 0.5 s window.

A.7 Is the increase in scatter at M5 real?

In Figures 3.5, 3.6 and A.23–A.28, we see a large increase in scatter at M5. This

is due to the increase in data density at M5.

First we plot the same figure as Figure 3.5 but for only earthquakes in 2019

(Figure A.29). Here we see that the large increase in scatter is no longer apparent.

We can also compare the distributions of the data between M4.9–5.0 and M5.0–

5.1. We find the standard deviation of the data is 0.23 and 0.26 respectively.

Plotting the distribution of the data in 2019, we see that the two subsets are

similarly distributed (Figure A.30).

Plotting the distributions of only M5 plus earthquakes by year, we see that

there is natural variation in the distributions, but that the median values remain

similar through time (Figure A.31).
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Figure A.24: As in Figure 3.5, but for a 1 s window.

A.8 Correlations in different time windows



A. Supplementary Information for Chapter 3 236

10 1

1

10

102

m
ax

p
, s

a)

10 1

1

10

102

c, 
s

b)

3 4 5 6 7 8
Magnitude

10 10

10 7

10 5

10 2

100

102

105

IV
2,

 m
2 s

2

c)

3 4 5 6 7 8
Magnitude

10 15

10 10

10 5

100

105

1010

P d
, m

d)

14 15 16 17 18 19 20 21
log10 (M0), Nm

14 15 16 17 18 19 20 21
log10 (M0), Nm

Figure A.25: As in Figure 3.5, but for a 4 s window.
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Figure A.26: As Figure 3.6, but for a 0.5 s window.
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Figure A.27: As Figure 3.6, but for a 1 s window.
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Figure A.28: As Figure 3.6, but for a 4 s window.



A. Supplementary Information for Chapter 3 238

0.1

1.0

10.0

100.0

tp

a)

1e-10

1e-05

1.0

100000.0

pg
d

b)

3 4 5 6 7
0.1

1.0

10.0

100.0

tc

c)

3 4 5 6 7

1e-10

1e-05

1.0

iv
2

d)

2019 only --- 0.3 s window

Figure A.29: As Figure 3.6 but with only data from 2019.
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Figure A.30: Violin plot of the distribution of predominant period values in 3 different
magnitude groups.
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Figure A.31: Violin plot of the distribution of predominant period values for data from
M ≥ 5 earthquakes each year
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Figure A.32: As Figure 3.7, but for a 0.5 s window.
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Figure A.33: As Figure 3.7, but for a 1 s window.
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A.9 Impact of source-receiver distance and num-
ber of stations

In Figure A.34, we show the magnitude at which there is no longer a significant

relationship between the parameter and magnitude, as we vary the minimum source-

receiver distance and the minimum number of stations used in the calculation.

Colours show the minimum number of stations the event was recorded at.

For predominant period the magnitude where significance is lost is reduced for

larger numbers of stations. For the other parameters, it has little impact other

than when only considering earthquakes recorded at more than five or six stations.

This is a result of the reduced numbers of earthquakes that are in this subset and

thus the increased uncertainty on the lines of best fit. Along the x-axis, we show

the minimum source-receiver distance of the data used to fit the line of best fit.

Predominant and average period show a trend of losing significance earlier when

the minimum distance is larger. Meanwhile, peak ground displacement and IV2

are relatively insensitive to changing the minimum distance.
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Figure A.34: A plot of the minimum magnitude at which the data set no longer has a
statistically significant relationship between the parameter and magnitude against the
minimum source-receiver distance considered and the minimum number of stations used
in the calculation.
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A.10 Impact of shifting the pick times

We shift the pick by 0.1 seconds in each direction and look at the impact on the

magnitude at which there is no longer a significant relationship, and the gradient

of the relationship between the parameter and magnitude.
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Figure A.35: As Figure 3.6, but for a 0.3 s window with the pick shifted by −0.1 s.

Table A.7: As Table 3.1 but for 0.5 s window (Average duration of M4.4 is 0.5 s).

Pick shift τmax
p τc Pd IV2

-0.1 4.3 5.1 5.5 6.4
0 5.1 5.6 5.5 6.4
+0.1 5.1 5.6 5.5 6.4
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Figure A.36: As Figure 3.6, but for a 0.3 s window with the pick shifted by +0.1 s.

Table A.8: As Table 3.2 but for 0.5 s window. (M=4.4).

Pick shift τmax
p τc Pd IV2

-0.1 0.01 0.15 0.45 1.10
0 0.09 0.18 0.52 1.11
+0.1 0.11 0.22 0.57 1.12

Table A.9: As Table 3.1 but for 1 s window (Average duration of M5.02 is 1 s).

Pick shift τmax
p τc Pd IV2

-0.1 4.6 5.6 6.0 6.3
0 5.1 5.7 6.0 6.3
+0.1 5.3 5.6 6.0 6.3

Table A.10: As Table 3.2 but for 1 s window (M=5.02).

Pick shift τmax
p τc Pd IV2

-0.1 0.02 0.20 0.64 1.41
0 0.07 0.22 0.66 1.41
+0.1 0.08 0.22 0.67 1.41
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Figure A.37: As Figure 3.6, but for a 0.5 s window with the pick shifted by −0.1 s.

Table A.11: As Table 3.1 but for 4 s window (Average duration of M6.22 is 4 s).

Pick shift τmax
p τc Pd IV2

-0.1 5.1 6.1 6.3 6.4
0 5.3 6.1 6.3 6.5
+0.1 5.3 6.1 6.3 6.4

Table A.12: As Table 3.2 but for 4 s window (M=6.22).

Pick shift τmax
p τc Pd IV2

-0.1 -0.03 0.07 0.64 0.94
0 -0.06 0.06 0.67 0.93
+0.1 -0.04 0.06 0.70 0.94
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Figure A.38: As Figure 3.6, but for a 0.5 s window with the pick shifted by +0.1 s.
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Figure A.39: As Figure 3.6, but for a 1 s window with the pick shifted by −0.1 s.
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Figure A.40: As Figure 3.6, but for a 1 s window with the pick shifted by +0.1 s.
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Figure A.41: As Figure 3.6, but for a 4 s window with the pick shifted by −0.1 s.
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Figure A.42: As Figure 3.6, but for a 4 s window with the pick shifted by +0.1 s.
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A.11 Keeping the relative duration of the window
constant

We can compare the gradients calculated in different time windows of calculation

based on earthquakes where the window measures a constant proportion of the

total duration (Figures A.43–A.48).

Figure A.43: Distribution of the gradient of the line of best fit found between
predominant period and magnitude. Each panel is a different window length for the
calculation (clockwise from top right: 0.3 s, 0.5 s, 1 s, 4 s) and each line shows the gradient
calculated only considering earthquakes with average duration of one (darkest), two, three
or ten (lightest) times the window duration.
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Figure A.44: Distribution of the gradient of the line of best fit found between
predominant period and magnitude. Each panel shows the gradient calculated only
considering earthquakes with average duration longer than of one, two, three or ten times
the window duration. Each line is a different window length for the calculation from 0.3 s
(darkest), 0.5 s, 1 s to 4 s (lightest).
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Figure A.45: Distribution of the gradient of the line of best fit found between average
period and magnitude. Each panel is a different window length for the calculation
(clockwise from top right: 0.3 s, 0.5 s, 1 s, 4 s) and each line shows the gradient calculated
only considering earthquakes with average duration of one (darkest), two, three or ten
(lightest) times the window duration.
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Figure A.46: Distribution of the gradient of the line of best fit found between average
period and magnitude. Each panel shows the gradient calculated only considering
earthquakes with average duration of one, two, three or ten times the window duration.
Each line is a different window length for the calculation from 0.3 s (darkest), 0.5 s, 1 s
to 4 s (lightest).
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Figure A.47: Distribution of the gradient of the line of best fit found between IV2 and
magnitude. Each panel is a different window length for the calculation (clockwise from
top right: 0.3 s, 0.5 s, 1 s, 4 s) and each line shows the gradient calculated only considering
earthquakes with average duration of one (darkest), two, three or ten (lightest) times the
window duration.
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Figure A.48: Distribution of the gradient of the line of best fit found between IV2 and
magnitude. Each panel shows the gradient calculated only considering earthquakes with
average duration of one, two, three or ten times the window duration. Each line is a
different window length for the calculation from 0.3 s (darkest), 0.5 s, 1 s to 4 s (lightest).
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Figure A.49: Distribution of the gradient of the line of best fit found between peak
ground displacement and magnitude. Each panel is a different window length for the
calculation (clockwise from top right: 0.3 s, 0.5 s, 1 s, 4 s) and each line shows the gradient
calculated only considering earthquakes with average duration of one (darkest), two, three
or ten (lightest) times the window duration.



A. Supplementary Information for Chapter 3 257

Figure A.50: Distribution of the gradient of the line of best fit found between peak
ground displacement period and magnitude. Each panel shows the gradient calculated
only considering earthquakes with average duration of one, two, three or ten times the
window duration. Each line is a different window length for the calculation from 0.3 s
(darkest), 0.5 s, 1 s to 4 s (lightest).
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B.1 Ends

Here we show some additional examples of the different ends found using approaches

1, 2, and 3 outlined in Section 4.3. To recap:

1. moment-rate reaches 0

2. moment-rate goes below 0.01 times the maximum moment-rate

3. moment-rate goes below 0.1 times the maximum moment-rate, and over 50%

of the total area (moment) has been released
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Figure B.1: Normalised STFs of the 2007-03-08 Izu Islands, Japan M6.1 earthquake.
The SCARDEC average STF shows a long tail which we want to end at a sensible point.

We show ends from approach 1 in a dotted line (sometimes this is not within

the bounds of the x-axis), approach 2 in a dot-dash line and approach 3 in a

dashed line. Approaches 2 and 3 are always shown on the figures, but may

appear hidden by each other.
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Figure B.2: Normalised STFs of the 2008-01-06 Leonídio, Greece M6.2 earthquake. The
SCARDEC average STF shows a long low amplitude tail which we want to end at a
sensible point.
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Figure B.3: Normalised STFs of the 2012-09-30 San Agustín, Colombia M7.3 earthquake.
The SCARDEC average STF shows a long low amplitude tail which we want to end at a
sensible point.
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Figure B.4: Normalised STFs of the 2016-12-25 Quellón, Chile M7.6 earthquake. The
Ye and USGS STFs have a late final peak which is unlikely to be a legitimate part of the
source.
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Figure B.5: The proportion of the total area (moment) which remains after the STF
end has been detected via method 3. Colours show the different datasets of STFs.
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B.1.1 Early cut-offs

As Figure B.5 shows, some events have an interpreted moment that is much

smaller than the total interpreted moment. Here (Figures B.6–B.10) we show

some example events where a large proportion of the total moment is removed

due to an interpreted end being relatively early. In each figure caption, we discuss

the validity of the end selected.
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Figure B.6: Normalised STFs of the 1992-07-20 07:46 Svalbard M6.6 earthquake. Both
SCARDEC STFs are long and complex, though the end interpreted by method (3) is
reasonable, particularly for Optimal SCARDEC.
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Figure B.7: Normalised STFs of the 1994-06-03 21:06 South of Java, Indonesia M6.3
earthquake. Both SCARDEC STFs have three main peaks, with periods of low or no
moment release betwen them. Arguably, the method (3) end is too late, since the moment
rate has already reached zero for a time.
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Figure B.8: Normalised STFs of the 1995-02-10 01:45 North Island, New Zealand M6.3
earthquake. This is an example where despite the interpreted moment being significantly
less than the interpreted total moment, the end interpreted through method (3) is
reasonable.



B. Supplementary Information for Chapter 4 268

Figure B.9: Normalised STFs of the 2001-07-04 17:47 Honshu, Japan M5.8 earthquake.
Here, the pick for the optimal SCARDEC STF seems reasonable, but the pick for the
average SCARDEC STF is too early.
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Figure B.10: Normalised STFs of the 2002-10-10 10:50 Irian Jaya Region, Indonesia
M7.5 earthquake. Here, the pick for the optimal SCARDEC STF seems reasonable, but
the pick for the average SCARDEC STF is too early.
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B.2 Median STFs by magnitude and dataset

Figure B.11: The median STF shape for M0.1 bins. Each panel is a single bin, with all
normalised STFs available from SCARDEC average STFs for that bin in grey, and the
median in blue.
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Figure B.12: As Figure B.11 but for the optimal SCARDEC catalog.
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Figure B.13: As Figure B.11 but for the Ye catalog.
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Figure B.14: As Figure B.11 but for the USGS catalog.
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Figure B.15: As Figure B.11 but for the Sigloch catalog.
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Figure B.16: As Figure B.11 but for the ISC catalog.
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B.3 Absolute moment released in absolute time

Figure B.17: Absolute moment (Nm) released in first two seconds of earthquake.
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Figure B.18: Absolute moment (Nm) released in first two seconds of earthquake, with
each color denoting a different dataset.



B. Supplementary Information for Chapter 4 278

Figure B.19: Absolute moment (Nm) released in first four seconds of earthquake
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Figure B.20: Absolute moment (Nm) released in first four seconds of earthquake, with
each color denoting a different dataset.
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Figure B.21: Absolute moment (Nm) released in first five seconds of earthquake.
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Figure B.22: Absolute moment (Nm) released in first five seconds of earthquake, with
each color denoting a different dataset.
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Figure B.23: Absolute moment (Nm) released in first ten seconds of earthquake
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Figure B.24: Absolute moment (Nm) released in first ten seconds of earthquake, with
each color denoting a different dataset.
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B.4 Proportion of moment released in absolute
time

Figure B.25: Proportion of total moment (Nm) released in first second of earthquake.
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Figure B.26: Proportion of total moment (Nm) released in first second of earthquake,
colors represent each dataset.

Figure B.27: Proportion of total moment (Nm) released in first three seconds of
earthquake.
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Figure B.28: Proportion of total moment (Nm) released in first three seconds of
earthquake, colors denote dataset.
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B.5 Absolute time to release absolute moment

Figure B.29: Plots of the data shown in Tables B.1–B.4. In the top panel, crosses show
where the gradient is positive. The top panel gives the gradient (m) of the relationship
between the time to release moment equal to some magnitude of earthquake (x-axis)
and the final earthquake magnitude. The middle panel gives the spearman correlation
coefficient (r) of this relationship, and the bottom panel gives the probability (p) of this
correlation coefficient arising from linearly uncorrelated data.
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B.6 Statistical attributes of STFs

B.6.1 Maximum moment rate vs average moment rate

Figure B.30: Average moment-rate of each STF vs maximum moment-rate.

B.6.2 Skew and Kurtosis
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Figure B.31: Skew vs magnitude. Different colours denote different datasets.
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Figure B.32: Skew vs event depth. Different colors denote different datasets.
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Figure B.33: Violin plot of skew for different datasets.
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Figure B.34: Kurtosis vs magnitude. Different colors denote different datasets.
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Figure B.35: Kurtosis vs depth. Different colors denote different datasets.
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Figure B.36: Violin plot of kurtosis for different datasets.
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B.7 Average STFs

Figure B.37: The median STF shape for M0.1 bins. Cool colours are lower magnitudes
and warmer, lighter colours are higher magnitudes. Dashed lines show bins with fewer
than 100 earthquakes. Black line is the median STF based on the complete dataset.

B.8 Trapezium fits with magnitude
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Figure B.38: The optimized models and the parameters which describe them.
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Figure B.39: The median STF for the SCARDEC_opt data, with the best fit geometric
models. Numbers in the legend are the 2-norm.
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Figure B.40: As Figure B.39 but for the SCARDEC_moy data.
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Figure B.41: As Figure B.39 but for the USGS data.
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Figure B.42: As Figure B.39 but for the Ye data.
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Figure B.43: As Figure B.39 but for the Sigloch data.
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Figure B.44: As Figure B.39 but for the ISC data.
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Figure B.45: Duration of the ramp before the best fit trapezium vs magnitude for
different datasets.
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Figure B.46: Duration of the top of the best fit trapezium vs magnitude for different
datasets.
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Figure B.47: Gradient of the ramp of the best fit trapezium vs gradient of the left leg
of the trapezium for different datasets.
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C.1 Mainshock distribution

In Figure 5.1 we show the spatial distribution of mainshocks prior to declustering,

coloured by magnitude. We select all M ≥ 3 within the box defined by 175° and

180°W and 37° and 40°S. In Figure C.1 we colour these events by depth which shows

that our region samples events at a range of depths of the subduction interface,

and that there are very few non-subduction related earthquakes included in the

dataset (e.g. shallow crustal earthquakes in the Taupo Volcanic Field).
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Figure C.1: Complete mainshock catalogue before declustering, coloured by depth. Size
of marker indicates magnitude, but this is more clearly shown in Figure 5.1.

C.2 Magnitude of Completeness

As mentioned in Section 5.3.4, in our calculations of magnitude of completeness, we

considered a perfectly defined magnitude of completeness Mc, where we detect all

earthquakes above Mc, and no earthquakes below Mc (Figure C.2a). In reality this

is an over-simplification. A more accurate representation would be to consider a

cosine taper between the two straight line segments (Figure C.2b) We can write

the observed number of earthquakes of some magnitude as the product of the

true number of earthquakes of that magnitude and the probability of observing

events of that magnitude.

nm
obs = nm

true · P m. (C.1)

The total number of earthquakes observed is then:

Nobs =
∫ m=∞

m=−∞
nm

obsdm =
∫ m=∞

m=−∞
nm

true · P mdm (C.2)
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Figure C.2: Figures illustrating the idealised Gutenberg-Richter, and one which has a
tapered magnitude of completeness.

where

P (m) =


0 if m < m1,

0.5 ·
(
1 − cos

(
π · m−m1

m2−m1

))
if m1 ≥ m ≥ m2, and

1 if m > m2.

(C.3)

Noting that

Nobs =
∫ m=∞

m=−∞
nm

true · P mdm =
∫ m=∞

m=m1
nm

true · P mdm, (C.4)

we find

Nobs =
∫ m=m2

m=m1
0.5 ·

(
1 − cos

(
π · m − m1

m2 − m1

))
·
(
−b · ln 10 · 10a−bm

)
dm

+
∫ m=∞

m=m2

(
−b · ln 10 · 10a−bm

)
dm,

(C.5)

and after some algebra

Nobs =0.5 ·
(
10a−bm2 − 10a−bm1

)
+

b2 · (ln 10)2 · (m1 − m2)2 · 10a−b(m1−m2) ·
(
10−bm1 + 10−bm2

)
b2 · (ln 10)2 · (m1 − m2)2 + π2

.
(C.6)

We can now estimate the trade off between M1 and M2 (Figure C.3).

This shows that M1 is somewhere between 0 and 1, and so our estimate in

Section 5.3.4 of a magntiude of completeness of M0.6 is sensible, since with this

approach it is more difficult to define exactly what the magnitude of completeness is.
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Figure C.3: A contour map of trade off between M1 and M2. Colour indicates log N .
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C.3 Uncertainty on Omori exponent

We can use bootstrapping to better understand the uncertainty of the Omori

exponent found in Section 5.4.3.

We sample with replacement our detection data 100 times, and fit the omori

curve in the same way as before. This gives us 100 lines, which we plot in Figure

C.4. We then plot a histogram of the Omori exponent for the foreshocks and

aftershocks to compare the distributions to p=1. In Figure C.5 we show that both

the foreshocks and aftershocks have a p value significantly different than 1.
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Figure C.4: Log-log plots of foreshock (blue) and aftershock (pink) detections at two
standard deviations time relative to mainshock arrival for 100 bootstraps of the detection
data. Power law relations, following Omori’s law, are plotted: in a) with the p-exponent
fixed to 1, and in b) where p is optimised independently for foreshocks and aftershocks.
The asymptote for each bootstrapped line is fixed at the background detection value over
the first 500 s. The point at 5 s (corresponding to 0-10 s for aftershocks and -10 –0 s for
the foreshocks) is not plotted, as we remove all detections within ±2s of the mainshock
due the peak spreading.
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Figure C.5: Histogram of the bootstrapped p value for foreshocks (blue) and aftershocks
(pink). Vertical coloured lines indicate the median values, and the black vertical line
shows p=1.
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C.4 ETAS Models

The time series of our dataset includes various periods of temporal incompleteness

between 2005–2020. These are shown by the gaps in recordings of small magnitude

earthquakes in the magnitude-time series plot in Figure C.6.

Figure C.6: Magnitude time series of the earthquakes between 2005-2020 in the Hikurangi
subduction zone.
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C.4.1 Observed ratio using different background windows
and declustering windows

Table C.1: Foreshock:aftershock ratios for M ≥ 3 events using different background
windows for calculating background seismicity and declustering events at different windows.

Background Declustering window (hours)
Window (s) 4 8 12 24 36 48 72 100
100 0.328 0.218 0.165 0.104 0.127 0.112 -0.032 0.072
200 0.332 0.250 0.175 0.120 0.061 0.069 -0.027 0.050
400 0.284 0.207 0.161 0.113 0.072 0.087 0.059 0.102
600 0.278 0.202 0.156 0.097 0.078 0.075 0.038 0.041
800 0.265 0.198 0.152 0.103 0.095 0.089 0.058 0.058
1000 0.241 0.176 0.132 0.070 0.082 0.070 0.051 0.047

C.4.2 Comparisons between ETAS and observed ratios

Figure C.7: As Figure 5.7 but for M4+ mainshocks.

C.4.3 Temporal patterns in ETAS foreshocks and after-
shocks
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Figure C.8: As Figure 5.7 but for M3–4 mainshocks.

Figure C.9: Number of foreshocks and aftershocks from each run of the ETAS simulation.
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C.4.4 Comparison between ETAS and observed numbers
of foreshocks and aftershocks per mainshock

Figure C.10: As Figure 5.11 but for M4+ mainshocks.
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Figure C.11: As Figure 5.11 but for M3–4 mainshocks.
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C.5 Phase coherence amplitudes vs magnitude

We find a very weak relationship between the amplitude of phase coherence detections

and the magnitude of their associated events from the GNS catalogue (Figure C.12).

That this relationship is weak is not unexpected, as many other factors influence

the amplitude of the phase coherence result, including source-event distance and

signal-to-noise ratio.

Figure C.12: Plot of phase coherence detection amplitudes vs magnitude of associ-
ated events. Linear regression line is shown in navy: slope=0.020, intercept=0.310,
rvalue=0.092, pvalue=1.783e-24, stderr=0.002, intercept stderr=0.007)
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