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SUMMARY
Moment tensor inversion of shallow seismicity can be strongly affected by sparse station cov-
erage, uncertain source depth, and waveform mismatch caused by near-surface structural com-
plexity. Conventional synthetic tests usually represent these uncertainties using random noise,
but such tests may not reproduce the temporally organised waveform distortions present in
local-network data. We develop a diagnostic framework to evaluate this problem using the Ja-
cobina mining district, Brazil, as a realistic test case for shallow mining-induced seismicity.
Synthetic waveforms were contaminated using three complementary strategies: band-limited
Gaussian noise as a stochastic reference; recorded local-event waveforms as structured source–
path–site contamination; and phase-randomised versions of the same empirical waveforms, pre-
serving their Fourier amplitude spectra while destroying the original temporal phase organisa-
tion. We tested two observed six-station configurations and a 12-station combined configuration
over source depths of 0.1–5 km. Conventional full-waveform inversion (FW-I) was compared
with a P–S segmented inversion (PS-I), in which P- and S-wave windows are treated separately.
Gaussian and phase-randomised contamination produce similar ensemble-level behaviour,
with generally smooth increases in moment-tensor rotation as contamination increases. Struc-
tured empirical contamination produces a more heterogeneous response: many source–depth–
orientation configurations remain weakly affected, whereas a smaller subset develops much
larger errors. This behaviour is clearest under FW-I. For the compact six-station network at
the highest contamination level, structured contamination produces rotation errors more than
5◦ larger than the phase-randomised case in 32.1 per cent of realisation-level comparisons,
whereas differences below −5◦ occur in only 7.3 per cent. Differences exceeding +10◦ occur
in 16.4 per cent of comparisons, compared with 2.6 per cent below −10◦. Structured tempo-
ral organisation therefore preferentially increases the likelihood of large inversion errors rather
than uniformly degrading all configurations.
Tests with two additional empirical contaminants reproduce the tendency for larger FW-I errors
under structured than phase-randomised contamination, but the depth of maximum suscepti-
bility changes among waveforms. The detailed depth response therefore reflects interactions
among source configuration, contaminating waveform, and station geometry. PS-I substantially
reduces both the magnitude and frequency of large structured-contamination errors, while the
12-station configuration further suppresses their expression through increased observational re-
dundancy. Source-type discrepancies based on moment-tensor eigenvalues show a weaker and
more selective response, indicating that a substantial part of the full-tensor error is associated
with changes in recovered orientation. Constraint tests additionally show that solutions can ap-
pear stable while remaining systematically biased when an inappropriate source constraint is
imposed.
These experiments define a transferable stress-testing framework for shallow moment tensor
inversion: establish a stochastic reference, introduce representative structured waveform mis-
match, remove its original phase organisation while retaining spectral amplitude, evaluate both
typical and large-error behaviour, and test whether acquisition or inversion modifications im-
prove robustness. The numerical thresholds are site-specific, but the diagnostic workflow can
be adapted to other shallow and structurally complex seismic environments.

Key words: Inverse theory – Numerical modelling – Earthquake source observations – Induced
seismicity – Waveform inversion – Wave propagation



1 INTRODUCTION2

Seismicity associated with underground mining provides a nat-3

ural laboratory for studying source processes under strong an-4

thropogenic perturbations. Excavation-driven stress redistribution,5

combined with pre-existing geological heterogeneity, can produce6

seismic responses that differ from those of typical tectonic earth-7

quakes, including swarm-like activity, very shallow source depths,8

and complex rupture behaviour (Gibowicz & Kijko, 1994). In such9

environments, reliable characterisation of source mechanisms is10

important both for understanding the processes governing mining-11

induced seismicity and for informing hazard mitigation and oper-12

ational decision-making (Gibowicz & Lasocki, 2001; Barthwal &13

van der Baan, 2020).14

Full moment tensor inversion is widely used in mining set-15

tings to distinguish shear slip from tensile opening or collapse-16

related processes, which may produce considerable non-double-17

couple components (Lizurek, 2017; Ma et al., 2019). However,18

source characterisation through moment tensor inversion in shallow19

mining environments is often challenged by sparse station coverage20

and waveform distortions associated with near-surface complexity,21

geological heterogeneity, and path effects that are not adequately22

represented by simple velocity models or Gaussian-noise assump-23

tions (Duputel et al., 2012; Birnie et al., 2020; Pha.m et al., 2024).24

Understanding and quantifying how these factors affect inversion25

stability is fundamental for obtaining robust focal solutions and for26

reliably interpreting and monitoring seismicity in mining districts.27

Waveform-based approaches, such as the two-step time-28

frequency inversion method (Vavryčuk & Kühn, 2012) and the29

Cut-and-Paste (CAP) technique (Zhao & Helmberger, 1994; Zhu &30

Helmberger, 1996), improve tolerance to timing mismatches asso-31

ciated with imperfect velocity models. At the same time, it has be-32

come increasingly clear that inversion uncertainty reflects not only33

observational noise but also modelling deficiencies and incomplete34

physical representations of wave propagation (Duputel et al., 2012).35

These concerns have motivated more realistic synthetic as-36

sessments. Birnie et al. (2020) showed that benchmarking micro-37

seismic imaging and moment tensor inversion methods with white38

Gaussian noise can yield misleading performance estimates, while39

more realistic contamination conditions expose instabilities not ev-40

ident in Gaussian noise tests. Pha.m et al. (2024) further demon-41

strated that full-waveform moment tensor inversion is strongly af-42

fected by theory error associated with imperfect three-dimensional43

Earth structure, especially when structural uncertainties are spa-44

tially correlated. In mining settings, Caputa et al. (2021) also45

showed, through synthetic tests based on the Rudna mine, that46

realistic station geometry and measured contamination conditions47

can significantly affect the relative performance of first-motion and48

waveform-based inversions.49

Despite these methodological advances and the growing50

recognition that realistic noise and forward-model uncertainty can51

strongly affect moment tensor solutions, an important question re-52

mains unresolved: how do systematic waveform distortions that53

preserve temporal phase structure affect moment tensor stability?54

Standard synthetic validation commonly relies on random Gaussian55

noise or incoherent background-noise measures, neither of which56

presents a structured temporal phase relationship. Although pre-57

vious studies have shown that realistic noise and correlated the-58

ory error can degrade moment tensor inversion more strongly than59

idealised Gaussian perturbations (Birnie et al., 2020; Pha.m et al.,60

2024), they did not isolate the contribution of temporal phase struc-61

ture. To our knowledge, no systematic framework has yet explic-62

itly isolated and quantified this contribution under local empirical63

contamination. This gap is particularly relevant for shallow mining64

seismicity and for analogous settings such as volcanic and geother-65

mal environments, where coherent scattering, site amplification,66

near-surface complexity, and structural heterogeneity can introduce67

systematic waveform distortions across a network.68

This study addresses four related questions: (1) Does struc-69

tured empirical contamination produce degradation beyond that70

predicted by Gaussian contamination? (2) Does phase randomisa-71

tion isolate the contribution of preserved temporal phase organi-72

sation? (3) Is the additional error expressed only through changes73

in typical performance, or does structured contamination prefer-74

entially increase the occurrence of large-error configurations? (4)75

How do station coverage and inversion strategy modify these ef-76

fects?77

The Jacobina gold mining district, north-eastern Brazil, is78

used as a realistic reference case for the station configurations, shal-79

low source-depth range, and empirical waveform contamination ex-80

amined in the tests. We evaluate band-limited Gaussian contami-81

nation, structured empirical contamination constructed from small82

recorded events, and phase-randomised versions of those empiri-83

cal waveforms. Conventional full-waveform inversion is compared84

with a P–S segmented formulation adapted from the CAP concept,85

and a statistical analysis quantifies the behaviour of moment-tensor86

error distribution.87

Beyond the Jacobina case, the experiments are designed as a88

transferable stress-testing workflow: site-specific geometry, source-89

depth range, frequency band, and empirical waveforms can be90

replaced while retaining the same sequence of stochastic refer-91

ence, structured empirical perturbation, phase-randomised control,92

paired comparison, high-error analysis, and mitigation testing.93

2 METHODS94

2.1 Study Area and Temporary Seismic Network95

The Jacobina gold mining district is located in the north-eastern96

São Francisco Craton, Brazil, and comprises underground mines97

distributed along the Jacobina Ridge (Fig. 1). The district is charac-98

terised by shallow mining-induced seismicity and a structurally het-99

erogeneous geological setting that includes metasedimentary rocks100

of the Jacobina Group, mapped faults, and mafic dyke systems with101

dominant north–south and secondary east–west trends (Barbosa &102

Sabaté, 2004; Santos et al., 2019). The geological description is103

intentionally limited to the information required to define the syn-104

thetic diagnostic framework.105

The temporary local network consisted of six three-106

component short-period stations, including GEObit GEOtiny and107

Raspberry Shake 3-D instruments, sampling at 100 Hz. Two tempo-108

rary network geometries were deployed: an initial broad configura-109

tion operating from February to April 2022 (Network 1), followed110

by a more compact configuration operating until August 2023 (Net-111

work 2; Fig. 1b). These two geometries, together with an idealised112

12-station configuration formed by the union of both layouts, are113

reproduced in the synthetic tests. The network description is re-114

tained only to define the station configurations used in the diagnos-115

tic experiments.116



Figure 1. Study area and seismic-network geometry. (a) Regional context of the Jacobina mining district in the São Francisco Craton, north-eastern Brazil. (b)
Local topography and seismicity showing the two six-station temporary deployments, relocated events, and mining areas. The idealised 12-station configuration
used in the synthetic experiments corresponds to the union of Networks 1 and 2.

Alt text: Two maps locate the Jacobina mining district. The regional map shows Jacobina within the São Francisco Craton in eastern Brazil. The local
topographic map shows relocated seismic events concentrated along the central mining corridor, the broad and compact six-station network geometries, and

the outlines of the principal mining areas.

2.2 Event Detection, Location and Catalogue Use117

We constructed a local event catalogue to provide realistic source-118

depth constraints, representative waveform examples, and empir-119

ical contamination waveforms for the synthetic diagnostic tests.120

Events were detected using the Python Matching Phase Algorithm121

(PyMPA) of Vuan et al. (2018), a matched-filter method applied122

to continuous multi-station waveform data. High-quality templates123

were windowed around P-wave arrivals and filtered between 2 and124

20 Hz. The matched-filter search yielded 373 detections, of which125

320 events were retained after visual validation, phase picking, and126

location-quality screening.127

Hypocentral locations were obtained with Hypocenter128

(Lienert & Havskov, 1995), as implemented in SEISAN (Havskov129

& Ottemöller, 1999), using a homogeneous velocity model with130

VP = 5.9 km s−1 and VP /VS = 1.69. These values were derived131

from Wadati analysis and iterative reduction of RMS residuals and132

location errors. The catalogue spans local magnitudes from approx-133

imately ML = -0.5 to 2.6. Estimated absolute uncertainties are ap-134

proximately 0.4 km horizontally and 1.3 km vertically; these uncer-135

tainties motivated the explicit treatment of source depth as a sensi-136

tivity parameter in the synthetic tests.137

Relative relocations were performed with HypoDD (Wald-138

hauser & Ellsworth, 2000) using catalogue and cross-correlation139

differential times. A total of 191 events were relocated in three140

major mining-sector clusters. These relocations are not interpreted141

here as a primary seismological result; instead, they define a re-142

alistic shallow-source context for the diagnostic experiments and143

guide the selection of representative recorded events used as em-144

pirical waveform contamination.145

2.3 Moment Tensor Inversion Framework146

Moment tensor inversion was performed using MTUQ, an open-147

source Python framework for focal mechanism estimation and un-148

certainty analysis (Thurin et al., 2025). In MTUQ, the full mo-149

ment tensor is represented as a symmetric 3×3 matrix and decom-150

posed into isotropic and deviatoric components, allowing discrim-151

ination between volumetric and complex shear processes. MTUQ152

implements waveform-based inversion using cross-correlation mis-153

fit measures and supports multiple constraint levels, including full154

moment tensor (FMT), deviatoric (DVT) and pure double-couple155

(DC) solutions.156

Moment tensor space is parametrised using the lune represen-157

tation (Tape & Tape, 2019), where isotropic and CLVD components158

are quantified by the parameters δ and γ, respectively. This formu-159

lation facilitates systematic exploration of source-type uncertainty160

and stability. Given the shallow source depths, sparse station cov-161

erage, and velocity-model uncertainty in the Jacobina setting, the162

focus here is on inversion stability and bias rather than on the inter-163

pretation of individual source mechanisms.164

2.3.1 Independent P- and S-Wave Inversion (PS-I)165

To address the challenges of local body-wave inversion in this shal-166

low mining setting, we implemented a P–S segmented inversion167

strategy adapted from the Cut-and-Paste method (Zhao & Helm-168

berger, 1994; Zhu & Helmberger, 1996). CAP separates waveform169

groups and allows independent timing adjustments to reduce sensi-170

tivity to travel-time mismatches associated with imperfect velocity171

models and source locations. For example, Chang et al. (2019) ap-172

plied CAP to small-to-moderate earthquakes by separating P waves173



on the vertical and radial components from S waves on the verti-174

cal, radial and transverse components, with independent time shifts175

between the P- and S-wave groups. In the local-distance setting176

considered here, surface-wave contributions are weak and the us-177

able signal is dominated by body waves. We therefore adopt the178

same general segmentation principle but formulate the inversion in179

terms of independent P- and S-wave windows for full moment ten-180

sor analysis.181

P- and S-wave windows were defined separately (see the val-182

ues in Table 1), and the two waveform groups were allowed in-183

dependent time shifts to accommodate differential propagation ef-184

fects. Individual misfits were computed for the P and S windows185

using waveform cross-correlation, and the final misfit was calcu-186

lated as an equally weighted combination:187

χPS−I = χP (∆tP ) + χS(∆tS). (1)

Here, χPS−I is the final misfit function for the PS-I inversion188

method; χP and χS are the misfits referred to individual P- and189

S-wave inversions, respectively; ∆tP and ∆tS are independently190

optimised time shifts whose absolute values are limited to 0.05 s.191

This conservative limit was used throughout the synthetic and real-192

data inversions to accommodate modest timing errors associated193

with location and velocity-model uncertainty.194

This approach is motivated by three considerations: (1) sep-195

arating P and S waves balances their relative contributions and196

prevents S-wave amplitude dominance; (2) independent timing ad-197

justments partially accommodate phase-dependent travel-time mis-198

match without invoking complex 3-D models, including variations199

in the VP /VS ratio; and (3) segmentation provides separate phase-200

specific constraints and prevents P- and S-wave contributions from201

being forced into a single coupled waveform fit. The strategy fol-202

lows the general CAP principle of fitting P- and S-wave groups with203

independent timing adjustments (Zhao & Helmberger, 1994; Zhu204

& Helmberger, 1996; Chang et al., 2019), but is implemented here205

within a full moment tensor framework tailored to local mining-206

induced seismicity. We evaluated PS-I through synthetic compar-207

isons with conventional full-waveform inversion (FW-I) under the208

contamination regimes described below.209

2.3.2 Synthetic Waveform Contamination Strategy210

We implemented a three-stage contamination strategy to distin-211

guish stochastic waveform perturbations from structured waveform212

interference and to isolate the contribution of preserved tempo-213

ral phase organisation. The first stage used amplitude-controlled,214

band-limited Gaussian contamination in the 1–5 Hz inversion band.215

This case provides an incoherent stochastic reference against which216

the effects of empirical waveform structure can be evaluated.217

The second stage used structured empirical contamination de-218

rived from small-magnitude events recorded by the local networks.219

These records retain source radiation, propagation, scattering, and220

site contributions present in the observed wavefield and are there-221

fore interpreted here as structured source–path–site waveform per-222

turbations rather than as source-free representations of path effects.223

One representative contaminant was used in the complete synthetic224

matrix for each network configuration. Because the same recorded225

waveform was superimposed on synthetics spanning the prescribed226

source-depth range, detailed depth-dependent responses are inter-227

preted as interactions between the target configuration and a fixed228

contaminant waveform, rather than as universal functions of source229

depth.230

The third stage used phase-randomised versions of the empir-231

ical waveforms to isolate the contribution of their temporal phase232

organisation. For each station-component trace and realisation, the233

empirical waveform was transformed to the frequency domain and234

its amplitude spectrum was retained while the phases were replaced235

by independent random values,236

Frand(ω) = |F (ω)| exp[iϕrand(ω)] , (2)

where |F (ω)| is the Fourier amplitude spectrum of the empiri-237

cal waveform and ϕrand(ω) is drawn from a uniform distribu-238

tion over [0, 2π]. Conjugate symmetry was imposed so that inverse239

transformation yielded a real-valued time series. Thus, the phase-240

randomised case retains the spectral-amplitude content of the em-241

pirical contaminant while destroying its original temporal phase re-242

lationships.243

Contamination was applied before extraction of the inversion244

windows. For each station-component, the clean synthetic wave-245

form and contaminant were retained as complete unwindowed246

traces. For scaling purposes only, copies of the two traces were pro-247

cessed using the target-event full-waveform reference window. For248

empirical contaminants, the contaminant copy was assigned the tar-249

get synthetic origin and station metadata before this calculation, en-250

suring that its RMS amplitude was evaluated over the same target-251

event time interval as the clean synthetic rather than over a window252

determined from the contaminant event’s own source parameters.253

The trace-specific scaling was defined as254

unoisy(t) = usyn(t) + α
RMSsyn,FW

RMScont,FW
ucont(t), (3)

where usyn and ucont are the complete clean synthetic and contami-255

nant traces, respectively, and the RMS terms are measured over the256

same target-event full-waveform reference interval. The resulting257

coefficient was applied to the complete contaminant trace, which258

was then added sample-by-sample to the complete synthetic trace.259

Only after this addition was the contaminated parent trace pro-260

cessed to obtain the FW-I, P-wave, and S-wave inversion windows.261

Consequently, FW-I and PS-I use different windows extracted from262

the same contaminated waveform realisation; no separate P- or S-263

specific contaminant was added.264

For α > 0, this normalisation prescribes a full-waveform ref-265

erence signal-to-contamination ratio266

SNRFW =
1

α
. (4)

The tested contamination levels α = 0.2–1.0 therefore correspond267

to nominal full-window SNR values of 5–1. The realised SNR268

within the subsequently extracted P and S windows is not pre-269

scribed and may differ because contamination energy is distributed270

differently in time. This distinction is particularly relevant when271

comparing structured and phase-randomised contamination under272

PS-I. Trace-level quality-control checks were used to verify the ex-273

pected full-window SNR after scaling.274

All inversion windows were extracted using the network-275

specific durations listed in Table 1: P = 1.5 s, S = 2.0 s and FW276

= 3.5 s for Network 1 and the 12-station configuration, and P =277

1.0 s, S = 1.5 s and FW = 2.5 s for Network 2. A 5 per cent post-cut278

taper was applied consistently. Empirical and synthetic input traces279

were also required to have compatible sampling, time reference,280

physical units, and kinematic quantity before addition.281

We selected the 1–5 Hz band as a compromise between282

maintaining sufficient signal-to-contamination ratio and limiting283

high-frequency waveform complexity not represented by the 1-284



Figure 2. Illustrative waveform effects of the three contamination regimes.
(a) Uncontaminated synthetic waveform for a representative source–station
pair; coloured bands indicate the P-wave, S-wave, and full-waveform
inversion windows. (b)–(d) Gaussian, structured empirical, and phase-
randomised empirical contamination, respectively. All examples use α =
0.6 and the 1–5 Hz band. Contamination is added to the complete unwin-
dowed synthetic trace before extraction of the FW-I, P-wave, and S-wave
windows; consequently, all inversion windows for a given experiment are
derived from the same contaminated parent waveform.

Alt text: Four vertically stacked waveform traces compare an
uncontaminated synthetic seismogram with Gaussian, structured empirical,

and phase-randomised empirical contamination. The same contaminated
parent trace is used to extract the inversion windows for each experiment.

D Green’s functions. Fig. 2 illustrates the three contamination285

regimes.286

2.3.3 Synthetic Tests and Constraints287

Synthetic waveforms were generated by convolving prescribed mo-288

ment tensors with precomputed Green’s functions calculated us-289

ing Computer Programs in Seismology (Herrmann, 2013). Source290

depths ranged from 0.1 to 5 km. The horizontal source–receiver ge-291

ometry for each contamination experiment was anchored to the epi-292

centre of the empirical-contaminant event used in that experiment.293

For each six-station network, three small recorded events were se-294

lected as empirical contaminants. Their epicentres, together with295

the corresponding station coordinates, defined the epicentral dis-296

tances and source–station azimuths used to calculate the Green’s297

functions. One event was used in the complete synthetic matrix,298

whereas the other two were used in the reduced multi-contaminant299

robustness experiment. Synthetic source depth was varied indepen-300

dently over the prescribed depth grid and was therefore not fixed to301

the depth estimated for the empirical contaminant.302

For the 12-station configuration, two spatially nearby empir-303

ical events were selected whose recordings jointly provided cov-304

erage of the complete station union. Their waveforms were com-305

bined to form a virtual empirical contaminant recorded by all306

twelve stations, and the resulting horizontal source–receiver ge-307

ometry was used, together with the independently prescribed syn-308

thetic source depths, to calculate the Green’s functions for the 12-309

station experiments. For all configurations, Green’s functions and310

uncontaminated synthetics were generated using the same homo-311

geneous 1-D velocity model adopted for hypocentral location, with312

VP = 5.9 km s−1 and VS ≃ 3.49 km s−1. Synthetic traces were313

sampled at 0.02 s with 512 samples and used a Dirac delta source-314

time function. The baseline synthetic experiments therefore con-315

tain no intentional forward-model mismatch; structured mismatch316

enters through the added empirical waveform.317

The synthetic test suite considered four prescribed source318

cases: ISO-dominant (ISO), CLVD-like (CLVD), mixed (MIX),319

and double-couple (DC), together with normal, reverse, and strike-320

slip orientations. The ISO and CLVD labels denote prescribed po-321

sitions on the moment-tensor lune rather than mathematically pure322

end members; DC is the pure double-couple case. The correspond-323

ing lune coordinates are provided in Supplementary Table S1. The324

final magnitude of the synthetic source was fixed at MW = 2.325

Gaussian and phase-randomised contamination were evalu-326

ated with 15 independent realisations for each network–source–327

orientation–depth–α configuration, whereas the structured empir-328

ical experiment is deterministic for a given contaminant and con-329

figuration. For the principal source- and depth-dependent compar-330

isons, the 15 stochastic realisations were first collapsed using the331

median for each identical configuration. This gives each prescribed332

configuration the same weight as the corresponding deterministic333

structured experiment and provides a robust estimate of its typical334

stochastic-control response.335

Inversion performance was quantified primarily using the336

moment-tensor rotation angle ω between the prescribed and re-337

covered tensors (Tape & Tape, 2012). Following the spherical338

eigenvalue-space representation of moment-tensor source type339

(Tape & Tape, 2012; Tape & Tape, 2019), source-type recovery was340

quantified here by the angular distance between the normalised or-341

dered eigenvalue triplets of the prescribed and recovered tensors,342

θλ = cos−1
(︂ˆ︁λtrue · ˆ︁λrec

)︂
, (5)

where ˆ︁λ denotes the ordered eigenvalue triplet normalised to unit343

Euclidean length. Because source type is represented by the nor-344

malised eigenvalues whereas tensor orientation is carried by the345

eigenvectors, θλ provides an orientation-independent measure of346

source-type discrepancy. Rotation-angle curves and heatmaps are347

summarised by medians across the relevant configurations. For θλ,348

the figures report the mean and one standard deviation across con-349

figurations after the realisation-level median collapse.350

Comparisons between contamination regimes were performed351

on matched configurations. Thus,352

∆ωE−G = ωstructured − ωGaussian (6)

and353

∆ωE−RD = ωstructured − ωrandomised (7)

were calculated configuration by configuration before aggregation.354

Analogous paired differences were calculated for θλ.355

Because a configuration-wise median can conceal a smaller356

population of large errors, we also performed a complementary dis-357

tributional analysis at α = 1. For each source–depth–orientation358

configuration, the single deterministic structured result was paired359

separately with each of the 15 Gaussian or phase-randomised real-360

isations. This produced 1620 paired differences for each network–361

method–comparison combination (4 source types × 3 orientations362



× 9 depths × 15 stochastic realisations). Positive and negative ex-363

ceedance probabilities were evaluated at symmetric 5◦ and 10◦364

thresholds for both ω and θλ, together with distribution quan-365

tiles. These thresholds are descriptive diagnostics for the present366

synthetic ensemble rather than universal acceptance criteria. Be-367

cause the 15 paired differences within one configuration share the368

same structured solution, they were treated as clustered realisations369

rather than independent source configurations. We therefore also370

calculated, for each configuration i, the fraction pi(∆ > 0) of371

stochastic realisations for which the structured result produced the372

larger error. Complete distributional statistics are provided in Sup-373

plementary Tables S2–S3 and Figs S7–S8.374

The complete three-contamination matrix was evaluated for375

Network 1, Network 2, and the 12-station configuration. To test376

whether the phase-structure response depended critically on the377

empirical event selected for the main matrix, two additional em-378

pirical contaminants and their phase-randomised counterparts were379

tested for Networks 1 and 2. This limited robustness experiment380

used the common non-ISO source families (CLVD, MIX, and DC),381

the three faulting orientations, source depths of 0.5, 2.0, and 4.0 km,382

and α = 1 for the direct structured-versus-randomised compar-383

ison. For this robustness comparison, the reported statistic is the384

mean paired ∆ωE−RD with ±1 standard deviation across the nine385

matched source–orientation configurations at each depth.386

Full moment tensor inversion was used throughout the prin-387

cipal experiments. Deviatoric and double-couple constraints were388

evaluated only in the dedicated constraint-sensitivity experiment.389

To distinguish persistent mechanism bias from contamination sen-390

sitivity, that analysis compares (i) the mean across contamination391

levels of the median ω across configurations and (ii) the paired392

change between α = 0 and α = 1,393

∆ω0→1 = mediani [ωi(α = 1)− ωi(α = 0)] , (8)

where i indexes matched source configurations.394

In PS-I, P- and S-window misfits were optimised indepen-395

dently using the timing limits described in Section 2.3.1. Table 1396

summarises the principal synthetic-test settings.397

2.3.4 Real-Data Diagnostic Inversion398

A representative ML 1.2 event recorded by Network 2 (stations399

JAC7–JAC12) was analysed to determine whether the synthetic di-400

agnostics were consistent with the observed sparse-network data.401

Waveforms were processed in the same 1–5 Hz band and inverted402

with the same Green’s functions, component weighting, window403

lengths, and maximum time shifts used in the corresponding Net-404

work 2 synthetic tests.405

Full moment tensor solutions were searched over source406

depths from 0.1 to 2.5 km at 0.2 km intervals and moment mag-407

nitudes from MW 1.0 to 1.4 at 0.1-unit intervals. Both FW-I and408

PS-I were applied. The real-data example is used only to illus-409

trate method- and depth-dependent non-uniqueness and is not in-410

terpreted as evidence for a preferred source mechanism.411

3 RESULTS412

3.1 Synthetic Validation413

3.1.1 Gaussian Noise Baseline414

Gaussian contamination provides the stochastic reference against415

which the structured experiments are evaluated. For the CLVD-like,416

mixed, and DC source cases, both FW-I and PS-I show progres-417

sive degradation as α increases, whereas the ISO-dominant case re-418

mains comparatively stable in full-tensor orientation. In Network 1,419

median FW-I rotation angles at α = 1 are approximately 8.5–420

9.2◦ for the non-ISO cases, while the ISO-dominant case remains421

near 5◦ (Fig. 3a). Network 2 shows the same overall behaviour but422

somewhat larger FW-I errors for the most sensitive cases, reaching423

approximately 9.2–12.2◦ at α = 1 (Fig. 4a). The 12-station config-424

uration reduces the largest Gaussian-contamination rotations, with425

non-ISO median FW-I values of approximately 6.4–8.2◦ at α = 1426

(Supplementary Fig. S1a).427

The Gaussian depth response is comparatively smooth. At428

α = 1, Network 1 PS-I median ω varies from approximately 7.6◦429

to 10.7◦ across the common depth grid, with its largest value at430

0.5 km (Fig. 3b). Network 2 is more uniform, with PS-I medi-431

ans confined to approximately 7.4–9.1◦ and no persistent depth-432

localised anomaly (Fig. 4b). Overall, the Gaussian response, for433

FW-I and PS-I formulations, varies more smoothly with depth than434

the structured empirical-contamination response.435

Source-type discrepancy shows the expected contamination-436

dependent increase for the non-ISO cases. After the stochastic re-437

alisations are collapsed by their configuration-wise median, mean438

θλ for CLVD-like, MIX, and DC cases in Network 1 increases439

from approximately 1–2.5◦ at α = 0.2 to approximately 4.5–6◦ at440

α = 0.8, whereas the ISO-dominant case changes little (Fig. 3c).441

Network 2 shows a similar tendency (Fig. 4c), and the 12-station442

configuration generally reduces the increase, particularly under PS-443

I (Fig. S1c).444

3.1.2 Effects of Structured Empirical Contamination445

Compared with the Gaussian reference, structured empirical con-446

tamination produces larger and more configuration-dependent447

moment-tensor rotations, with the clearest separation occurring un-448

der FW-I (Figs 5 and 6). In Network 1 at α = 1, median FW-449

I ω under structured contamination is 11.4◦, 10.6◦, and 11.9◦450

for the CLVD-like, MIX, and DC cases, respectively, compared451

with 8.5◦, 9.0◦, and 9.2◦ under Gaussian contamination. The ISO-452

dominant case changes only from 4.8◦ to 5.4◦. Network 2 shows a453

stronger separation for the CLVD-like and MIX cases: their FW-I454

medians increase from 9.2◦ and 9.3◦ under Gaussian contamina-455

tion to 12.6◦ and 13.6◦ under structured contamination. The DC456

case increases more modestly, from 12.2◦ to 13.1◦, while the ISO-457

dominant case again changes little.458

The paired depth comparison ∆ωE−G shows that the ad-459

ditional structured-contamination response is strongly depth-460

dependent. In Network 1 at α = 1, the largest median FW-I461

differences occur at shallow depths, reaching approximately 3.5◦462

at 0.3 km and 2.3◦ at 0.5 km, while differences at most other463

depths are smaller and become slightly negative at 3 km (Fig. 5b).464

Network 2 exhibits a much stronger shallow response, with me-465

dian paired differences of approximately 8.3◦ at 0.3 km and 7.6◦466

at 0.5 km. The excess decreases sharply by 0.8–2 km, becomes467

slightly negative at 3 km, and increases again more modestly at 4–468

5 km (Fig. 6b). The main-contaminant response therefore does not469

define a single persistent depth interval of maximum degradation.470

The contrast is considerably weaker under PS-I. In Network 1471

at α = 1, structured PS-I medians are 5.3◦, 8.1◦, 10.5◦, and 9.2◦472

for the ISO-dominant, CLVD-like, MIX, and DC cases, compared473

with Gaussian values of 5.3◦, 9.2◦, 8.9◦, and 9.2◦. Only the MIX474

case therefore shows a clear source-aggregated increase (Fig. 5a).475

Network 2 retains a measurable PS-I excess for MIX and DC but476



Table 1. Inversion parameters used in this study. Full source-case, geometry, and distributional-analysis settings are listed in Supplementary Table S1.

Parameter Setting

Green’s functions CPS wavenumber integration
Velocity model Homogeneous 1-D model; VP = 5.9 km s−1; VS ≃ 3.49 km s−1

Frequency band 1–5 Hz
Inversion methods FW-I; PS-I
Constraint levels FMT (principal tests); DVT and DC (Section 3.1.6 only)
Synthetic depth grid 0.1–5.0 km, with denser sampling at shallow depths
Station configurations Broad six-station (Network 1); compact six-station (Network 2); 12-station union
Contamination models Gaussian (15 realisations); structured empirical (deterministic representative contaminant); phase-randomised

empirical (15 realisations)
Contamination scaling α = 0.0, 0.2, 0.4, 0.6, 0.8, 1.0; nominal SNRFW = 1/α for α > 0

Time windows (Network 1 and
12-station)

P: 1.5 s; S: 2.0 s; FW: 3.5 s

Time windows (Network 2) P: 1.0 s; S: 1.5 s; FW: 2.5 s
Post-cut taper 5 per cent
Maximum time shift 0.05 s
Primary mechanism-error met-
ric

Rotation angle ω

Source-type discrepancy Eigenvalue angle θλ
Distributional analysis α = 1; common nine-depth grid; all 15 stochastic realisations retained
Additional-contaminant test Networks 1–2; CLVD, MIX, DC; 0.5, 2.0, 4.0 km; α = 1 comparison

little change for CLVD (Fig. 6b). Across depth, paired PS-I differ-477

ences are generally much smaller than their FW-I counterparts, al-478

though local positive and negative departures remain. P–S segmen-479

tation therefore suppresses the strongest structured-contamination480

response without eliminating configuration dependence.481

The source-type metric θλ is also more heterogeneous than ω.482

Under FW-I at α = 1, structured contamination increases mean θλ483

from 5.9 ± 2.3◦ to 8.9 ± 6.6◦ for the Network 1 CLVD-like case484

and from 6.6±3.5◦ to 9.8±7.9◦ for DC(Fig. 5c). In Network 2, the485

corresponding CLVD-like increase is from 7.0±2.5◦ to 11.5±7.3◦486

and the DC increase from 7.9± 3.0◦ to 11.0± 8.5◦ (Fig. 6b). PS-I487

differences are smaller and not consistently positive. Detailed ab-488

solute structured-contamination maps using the complete 13-depth489

grid are provided in Supplementary Figs S2–S4.490

3.1.3 Role of Preserved Temporal Phase Structure491

Phase randomisation provides the direct diagnostic for determin-492

ing whether the additional degradation under empirical contami-493

nation depends on preserved temporal waveform organisation. Be-494

cause the empirical Fourier-amplitude spectrum is retained while495

the original phase relationships are destroyed, the convergence of496

the phase-randomised results towards the Gaussian response indi-497

cates that spectral amplitude alone is insufficient to reproduce the498

structured-contamination effect.499

For both six-station networks, phase-randomised empirical500

contamination closely follows the Gaussian response at the en-501

semble level, whereas structured empirical contamination produces502

larger FW-I errors for several non-ISO source cases (Figs 7 and 8).503

At α = 1, Network 2 median FW-I ω is 12.6◦ for the CLVD-504

like case and 13.6◦ for MIX under structured contamination, com-505

pared with approximately 9◦ under phase-randomised contamina-506

tion. Network 1 shows a weaker but comparable separation.507

The paired ∆ωE−RD depth response follows the same pat-508

tern. Network 2 reaches approximately 7.8◦ at 0.3 km and 7.4◦509

at 0.5 km under FW-I, whereas Network 1 shows a smaller and510

more heterogeneous pattern with both positive and negative depth511

intervals. The sign changes are important: preserved temporal or-512

ganisation does not increase ω for every configuration. Rather, it513

changes which configurations become strongly susceptible, a be-514

haviour quantified explicitly by the distributional analysis in Sec-515

tion 3.1.4.516

The main phase-structure result is robust to the choice of em-517

pirical waveform. Two additional contaminants were tested using518

the common non-ISO reduced grid (Supplementary Fig. S6). The519

depth-averaged mean FW-I ∆ωE−RD remains positive for all three520

contaminants in both six-station networks: approximately 2.2◦,521

5.2◦, and 1.6◦ for Events 1–3 in Network 1 and 5.4◦, 2.7◦, and 2.7◦522

in Network 2. The depth of maximum excess nevertheless migrates523

among contaminants. Event 2, for example, produces 11.9 ± 9.6◦524

at 0.5 km in Network 1 but its largest Network 2 response at 4 km525

(6.6 ± 4.9◦). Thus, the existence of an ensemble-level coherence-526

related FW-I excess is reproducible, whereas its magnitude and527

depth localisation are waveform- and geometry-dependent.528

3.1.4 Distributional Response and High-Error Susceptibility529

The configuration-wise median comparisons describe the typical530

response to structured contamination but do not fully characterise531

the distribution of possible errors. We therefore retained all 15532

stochastic realisations and paired the deterministic structured re-533

sult separately with each Gaussian or phase-randomised realisation534

for the same source–depth–orientation configuration. Supplemen-535

tary Figs S7–S8 and Tables S2–S3 show the resulting two-sided536

exceedance distributions at α = 1.537

For the full moment-tensor rotation ω, the realisation-level538

distributions are positively asymmetric under FW-I. In Network 1,539

23.4 per cent of structured-minus-randomised differences exceed540

+5◦ whereas 7.9 per cent fall below −5◦; the corresponding pro-541

portions beyond ±10◦ are 7.7 and 2.3 per cent. Network 2 shows542

a stronger asymmetry: 32.1 per cent exceed +5◦ compared with543

7.3 per cent below −5◦, and 16.4 per cent exceed +10◦ compared544
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Figure 3. Gaussian-contamination baseline for Network 1. (a) Median moment-tensor rotation angle ω as a function of contamination level α for the ISO-
dominant (ISO), CLVD-like (CLVD), mixed (MIX), and double-couple (DC) prescribed source cases under FW-I and PS-I. Independent Gaussian realisations
are first collapsed by their configuration-wise median. (b) Median ω as a function of source depth and α for FW-I and PS-I. (c) Source-type discrepancy
measured by the eigenvalue angle θλ at α = 0.2 and 0.8. Points show the mean across source-depth-orientation configurations and error bars denote ±1
standard deviation.

Alt text: Multi-panel figure showing the response of Network 1 to Gaussian contamination. Rotation-angle curves increase progressively with contamination
level for the CLVD-like, mixed, and double-couple source cases, while the ISO-dominant case changes less. Depth-dependent heatmaps show a

comparatively smooth response without a persistent narrow depth interval of anomalous degradation. The eigenvalue-angle panel shows increasing
source-type discrepancy for the non-ISO source cases as contamination increases, with variability among source configurations.

with 2.6 per cent below −10◦. The structured-versus-Gaussian545

comparison shows the same qualitative imbalance. Thus, modest546

configuration-level medians coexist with a substantial population547

of much larger positive differences: structured empirical contami-548

nation preferentially increases high-error outcomes rather than sim-549

ply broadening the paired distribution symmetrically.550

The within-configuration analysis confirms that this behaviour551

is not produced solely by pooling isolated stochastic realisations.552

For Network 2 FW-I, the median configuration has an exceedance553
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Figure 4. Gaussian-contamination baseline for Network 2. Panel definitions and statistical summaries are the same as in Fig. 3.

Alt text: Multi-panel figure showing the Gaussian-contamination response for Network 2. Full-waveform and P–S segmented inversions generally show
increasing moment-tensor rotation with contamination level. The ISO-dominant source remains comparatively stable, whereas the non-ISO sources show

larger degradation. Depth variations remain relatively smooth, although Network 2 reaches somewhat larger full-waveform rotation angles than Network 1
for selected source cases. Eigenvalue-angle results show increasing source-type discrepancy for the non-ISO sources.

fraction of P (∆ωE−RD > 0) = 0.80, and 51.9 per cent of con-554

figurations have P ≥ 0.8. For the corresponding Network 1, the555

respective values are 0.60 and 40.7 per cent. P–S segmentation sub-556

stantially reduces the imbalance. In Network 2, P (∆ωE−RD >557

5◦) decreases from 32.1 per cent under FW-I to 14.3 per cent un-558

der PS-I, and the ±10◦ PS-I tails are approximately balanced. Net-559

work 1 shows the same general tendency.560

The 12-station network further compresses the full-tensor561

high-error tail. Under FW-I, P (∆ωE−RD > 5◦) decreases to 15.9562

per cent and P (∆ωE−RD > 10◦) to 4.3 per cent. Under PS-I,563

only 3.1 per cent of paired differences exceed +5◦ and none ex-564

ceeds +10◦. Increased station coverage therefore reduces not only565

the median structured-contamination excess but also the occurrence566

of large-error configurations.567

The eigenvalue-angle metric θλ shows a related but weaker568

distributional response. Under FW-I, Network 1 and Network 2569

structured-minus-randomised differences exceed +5◦ in 22.6 and570

27.0 per cent of comparisons, respectively, compared with 11.7 and571
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Figure 5. Gaussian versus structured empirical contamination for Network 1. (a) Median rotation angle ω as a function of α for the prescribed source cases
under Gaussian and structured empirical contamination, shown separately for FW-I and PS-I. (b) Median paired difference ∆ωE−G = ωstructured −
ωGaussian for matched source-depth-orientation configurations. (c) Eigenvalue-angle discrepancy θλ at α = 1 under Gaussian and structured empirical
contamination. Points show configuration means and error bars denote ±1 standard deviation.

Alt text: Multi-panel comparison of Gaussian and structured empirical contamination for Network 1. Full-waveform rotation angles are generally larger
under structured empirical contamination for the more sensitive non-ISO source cases, especially at high contamination levels. Paired depth maps show

positive structured-minus-Gaussian rotation differences at several depths, with the strongest response concentrated in selected shallow configurations. P–S
segmentation substantially reduces these differences. Eigenvalue-angle results show a more variable and source-dependent structured-contamination effect

than the full-tensor rotation.

12.7 per cent below −5◦. For the 12-station network these propor-572

tions decrease to 19.1 and 9.0 per cent. The positive asymmetry573

largely disappears under PS-I and can reverse in the broader net-574

work configurations. This contrast is consistent with the different575

information carried by the two metrics: ω compares the complete576

tensors and is sensitive to changes in both orientation and eigen-577

value structure, whereas θλ isolates source-type eigenvalue dis-578

crepancy. The stronger ω response therefore indicates that a sub-579

stantial component of the structured-contamination error is asso-580

ciated with changes in recovered tensor orientation, while large581

source-type changes occur in a more restricted subset of config-582

urations.583
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Figure 6. Gaussian versus structured empirical contamination for Network 2. Panel definitions and statistical summaries are the same as in Fig. 5.

Alt text: Multi-panel comparison of Gaussian and structured empirical contamination for Network 2. Structured contamination produces substantially larger
full-waveform rotation errors than Gaussian contamination for several non-ISO source cases. The paired depth comparison shows a pronounced positive

structured-minus-Gaussian excess at shallow depths, with smaller residual differences at intermediate and greater depths. P–S segmentation strongly
suppresses the shallow full-waveform excess. Source-type eigenvalue-angle changes are present but are less systematic than the full-tensor rotation response.

3.1.5 Role of Network Geometry584

The network comparison shows that station geometry controls the585

expression of structured waveform contamination rather than defin-586

ing a single characteristic depth of failure. Under Gaussian contam-587

ination, differences among the station configurations are compara-588

tively modest and the 12-station network mainly reduces the abso-589

lute error and configuration-to-configuration spread. Under struc-590

tured empirical contamination, geometry exerts a stronger control591

on the depth-dependent response.592

For the main empirical contaminant, both six-station networks593

exhibit substantial shallow FW-I sensitivity, although the amplitude594

differs between them. The additional-contaminant tests demon-595

strate that these depth patterns are not fixed network properties:596

the location of maximum coherent-minus-randomised excess mi-597

grates among 0.5, 2, and 4 km as the contaminating waveform598
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Figure 7. Role of temporal phase structure for Network 1. (a) Median ω as a function of contamination level for Gaussian, structured empirical, and phase-
randomised empirical contamination under FW-I and PS-I. Gaussian contamination is shown as a stochastic reference. (b) Median paired structured-minus-
randomised difference, ∆ωE−RD = ωstructured − ωrandomised, for matched configurations. (c) Mean eigenvalue angle θλ at α = 1 for the three
contamination regimes; error bars denote ±1 standard deviation across source-depth-orientation configurations after stochastic realisations are collapsed by
their configuration-wise median.

Alt text: Multi-panel comparison of Gaussian, structured empirical, and phase-randomised empirical contamination for Network 1. Gaussian and
phase-randomised results generally follow similar rotation-angle trends, whereas structured empirical contamination produces larger errors for selected

source configurations under full-waveform inversion. Paired structured-minus-randomised depth differences vary in sign and magnitude, showing that the
coherent effect is configuration dependent rather than uniform. P–S segmentation reduces most of these differences. The eigenvalue-angle response is weaker

and more heterogeneous than the full-tensor rotation response.

changes. The detailed response is therefore a contaminant–source-599

depth–geometry interaction.600

The 12-station configuration provides the clearest evidence601

for the stabilising role of observational redundancy. It substan-602

tially reduces structured-minus-Gaussian and structured-minus-603

randomised differences over most depths and also reduces the pos-604

itive high-error tail documented in Section 3.1.4. Residual FW-I605

sensitivity remains at selected depths, so increased station cover-606

age mitigates rather than eliminates structured mismatch.607

3.1.6 Sensitivity to Moment Tensor Constraint Strategy608

We performed a limited sensitivity analysis to examine how full609

moment tensor (FMT), deviatoric (DVT), and double-couple (DC)610

constraints redistribute inversion error under structured empirical611
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Figure 8. Role of temporal phase structure for Network 2. Panel definitions and statistical summaries are the same as in Fig. 7.

Alt text: Multi-panel comparison of Gaussian, structured empirical, and phase-randomised empirical contamination for Network 2. Gaussian and
phase-randomised contamination produce similar ensemble-level behaviour, whereas structured empirical contamination generates larger full-waveform

rotation errors for several non-ISO source cases. The paired structured-minus-randomised depth map shows the strongest positive excess in selected shallow
configurations. P–S segmentation markedly reduces this response. Eigenvalue-angle differences indicate more selective source-type changes than the stronger

full-tensor rotation changes.

contamination. Because the structured contaminant is deterministic612

for a given target configuration, variability in this experiment re-613

flects differences among source configurations rather than stochas-614

tic repeatability.615

Two complementary quantities are considered. Persistent616

mechanism bias is represented by the mean across contamination617

levels of the median rotation angle across matched configurations,618

ω =
1

Nα

∑︂
α

mediani[ωi(α)], (9)

whereas contamination sensitivity is represented by the paired in-619

crease620

∆ω0→1 = mediani[ωi(1)− ωi(0)]. (10)

The resulting bias–sensitivity diagrams (Fig. 9) show that re-621

strictive parametrisations can reduce the response to increasing622

contamination while simultaneously increasing absolute mecha-623

nism bias when the imposed constraint is incompatible with the624

prescribed source case. Compatible constraints generally occupy625

the low-bias part of the diagram, whereas incompatible DVT or626

DC parametrisations can produce relatively small ∆ω0→1 at large627

ω. The PS-I reduces the overall contamination sensitivity. Low sen-628



sitivity to increasing contamination is therefore not, by itself, evi-629

dence of reliable mechanism recovery.630

3.2 Real-Data Illustration of Method-Dependent Depth631

Trade-off632

To assess whether the synthetic diagnostics are relevant to ob-633

served mining-induced seismicity, we analysed one representative634

event recorded by the six-station Network 2 using the procedure635

described in Section 2.3.4. The example is diagnostic rather than636

descriptive and is used only to illustrate method-dependent depth637

non-uniqueness under realistic sparse-network conditions.638

Fig. 10 shows the depth-dependent misfit and corresponding639

preferred full moment tensor solutions for the ML = 1.2 event640

obtained with FW-I and PS-I. Both formulations favour a shallow641

minimum at approximately 0.5–0.8 km. The methods therefore do642

not select fundamentally different depth regimes, but they differ in643

the shape of the misfit surface and in the evolution of the preferred644

mechanism away from the minimum. FW-I shows larger changes in645

source character with tested depth, whereas PS-I preserves a more646

coherent mechanism family over a broader interval.647

The selected moment magnitude also varies with tested depth,648

but the principal diagnostic information is the coupled dependence649

of misfit and recovered mechanism on source depth. The example650

is not used to infer a preferred physical mechanism or structural651

interpretation for this event.652

4 DISCUSSION653

The three-regime experiment separates stochastic degradation from654

structured waveform-induced bias and from the specific con-655

tribution of preserved temporal waveform organisation. Gaus-656

sian contamination defines the stochastic reference, while phase-657

randomised empirical contamination retains the empirical spectral658

amplitude but removes the original phase relationships. Their close659

ensemble-level correspondence contrasts with the more heteroge-660

neous structured empirical response and shows that spectral ampli-661

tude alone does not reproduce the largest errors.662

4.1 Structured Empirical Contamination and663

Waveform-Induced Bias664

Structured empirical contamination produces larger full-tensor ro-665

tation errors than the stochastic controls for many susceptible con-666

figurations, particularly under FW-I. This behaviour is consistent667

with the distinction between observational variance and theory er-668

ror in waveform inversion (Duputel et al., 2012; Pha.m et al., 2024):669

temporally organised mismatch can be accommodated by changing670

source parameters rather than simply increasing residual variance.671

The empirical perturbation should not be interpreted as a di-672

rect model of pure propagation error. Because it is itself a recorded673

seismic event, it contains source radiation together with propaga-674

tion, scattering, attenuation, and site contributions. The additive ex-675

periment therefore represents a structured source–path–site wave-676

field superimposed on the target signal. It does not modify the677

Earth’s transfer function; instead, it competes with the target wave-678

form in a way that the inversion can partly absorb into the recovered679

source tensor.680

Phase randomisation provides the key diagnostic. Preserving681

the empirical amplitude spectrum while destroying the original682

temporal organisation returns the ensemble-level response towards683

the Gaussian regime. The additional-contaminant tests further show684

that the coherence-related FW-I excess is reproducible across inde-685

pendent empirical waveforms, while its magnitude and depth local-686

isation change with the contaminant. Preserved temporal organisa-687

tion is therefore an important contributor to the largest structured-688

contamination errors, but the specific susceptible configurations are689

waveform-dependent.690

4.2 Distributional Nature of Structured-Contamination691

Error692

A central result of the distributional analysis is that structured693

contamination does not act primarily as a uniform increase in er-694

ror. Many source–depth–orientation configurations remain weakly695

affected, producing modest configuration-level medians, while a696

smaller but substantial subset develops much larger rotation er-697

rors. Central statistics alone can therefore understate the practical698

susceptibility of an inversion configuration to structured waveform699

mismatch.700

This behaviour persists when all 15 stochastic realisations701

are retained. Under FW-I, large positive structured-minus-Gaussian702

and structured-minus-randomised differences occur substantially703

more frequently than corresponding negative differences, particu-704

larly for Network 2. The asymmetry is therefore not created by705

reducing each stochastic population to its median. The within-706

configuration dominance analysis reaches the same conclusion:707

for many configurations the deterministic structured result exceeds708

most of the corresponding stochastic-control realisations.709

The distributional perspective changes the interpretation of ro-710

bustness. A network or inversion formulation with a small median711

paired difference can still contain a non-negligible population of712

high-error configurations. Robustness assessment should therefore713

consider both the typical response and the frequency of large errors.714

The 5◦ and 10◦ thresholds used here are diagnostic reference lev-715

els rather than universal quality criteria; the transferable principle716

is the explicit comparison of symmetric positive and negative tails.717

4.3 Orientation and Source-Type Contributions to718

Moment-Tensor Error719

The contrasting behaviour of ω and θλ helps identify how struc-720

tured waveform mismatch is mapped into the recovered moment721

tensor. The rotation angle ω compares the complete tensors and is722

sensitive to changes in both eigenvector orientation and eigenvalue723

structure. By contrast, θλ compares only the normalised ordered724

eigenvalues and therefore isolates source-type discrepancy.725

Structured empirical contamination produces a substantially726

stronger positive-tail enhancement in ω than in θλ, particularly un-727

der FW-I. This indicates that the largest coherence-related errors728

cannot generally be interpreted as source-type changes alone. A729

substantial component is associated with rotation of the recovered730

tensor orientation. Large changes in eigenvalue structure do occur,731

especially for selected CLVD-like, mixed, and DC configurations,732

but they are less systematic and are strongly reduced under PS-I.733

This distinction is relevant when interpreting complex734

moment-tensor solutions in shallow environments. Structured735

waveform mismatch may substantially alter inferred fault orienta-736

tion without producing an equally large displacement in source-737

type space. Conversely, a large θλ identifies the subset of cases in738

which the mismatch changes not only orientation but also the rela-739

tive eigenvalue character of the recovered tensor.740



0

2

4

6

8

10

0
1 (

)
(a)  NETWORK 1

FW-I PS-I

0 20 40 60 80
Mean  ( )

0

2

4

6

8

10

0
1 (

)

(b)  NETWORK 2

FW-I

0 20 40 60 80
Mean  ( )

PS-I

SOURCE CASE
DC ISO CLVD MIX

SOURCE CASE
DC ISO CLVD MIX

CONSTRAINT
FMT DVT DC

Figure 9. Bias–sensitivity trade-off for moment tensor constraint strategies under structured empirical contamination for Networks 1 and 2. The horizontal
coordinate is the mean across contamination levels of the median rotation angle ω across matched source configurations and therefore represents persistent
mechanism bias. The vertical coordinate is the median paired change ∆ω0→1 = mediani[ωi(1) − ωi(0)]. Colours identify the prescribed source case and
symbols identify the inversion constraint (FMT, DVT, or DC). Large mean ω combined with small ∆ω0→1 denotes a solution that is relatively insensitive to
increasing contamination but persistently biased.

Alt text: Bias–sensitivity diagrams comparing full moment tensor, deviatoric, and double-couple inversion constraints under structured empirical
contamination. Each point represents a prescribed source case and inversion constraint. The horizontal axis measures persistent moment-tensor rotation bias

across contamination levels, and the vertical axis measures the paired increase in rotation from the uncontaminated to the most contaminated case.
Compatible constraints generally occupy the low-bias region, whereas some incompatible restrictive constraints show low contamination sensitivity but large

persistent bias, demonstrating that apparent stability does not necessarily imply accurate source recovery.

4.4 Effect of Station Coverage Under Structured741

Contamination742

The 12-station experiment demonstrates that increased observa-743

tional redundancy reduces both central error and high-error sus-744

ceptibility. Relative to the six-station networks, the combined con-745

figuration suppresses much of the structured-minus-Gaussian and746

structured-minus-randomised excess over the tested depth range.747

Under FW-I, the probability of a structured-minus-randomised ro-748

tation difference greater than 5◦ decreases to 15.9 per cent, com-749

pared with 23.4 per cent for Network 1 and 32.1 per cent for Net-750

work 2; the corresponding > 10◦ probability falls to 4.3 per cent.751

The stabilising effect should not be interpreted simply as av-752

eraging random noise. A denser network changes azimuthal sam-753

pling, take-off-angle coverage, station weighting, and the degree754

to which a particular coherent waveform pattern can be fit consis-755

tently across the observations. A contaminant that favours an in-756

correct source tensor for a sparse geometry may become internally757

inconsistent when additional stations are included. Residual FW-758

I sensitivity nevertheless remains, so station count alone does not759

guarantee immunity to structured waveform mismatch.760

4.5 Method Dependence and the Role of P–S Segmentation761

Waveform-segmentation strategies derived from the Cut-and-Paste762

framework improve tolerance to timing mismatch by allowing dis-763

tinct waveform groups to be aligned independently (Zhao & Helm-764

berger, 1994; Zhu & Helmberger, 1996). The PS-I formulation used765

here follows this principle within a full moment tensor search by766

treating the P- and S-wave windows as independent contributions767

with separate timing adjustments.768

The distributional analysis clarifies the main benefit of PS-I.769



Figure 10. Real-data depth-trade-off illustration for a representative ML = 1.2 event recorded by Network 2 using (a) full-waveform inversion (FW-I) and (b)
P–S segmented inversion (PS-I). The black curve shows waveform misfit as a function of tested source depth, and the inverted triangle marks the minimum-
misfit depth. Beachballs show the preferred full moment tensor at each tested depth, with the corresponding moment magnitude indicated above each solution.
The example is presented only as a diagnostic illustration of method- and depth-dependent non-uniqueness and is not used to infer a preferred physical source
mechanism.

Under FW-I, structured empirical contamination produces a pro-770

nounced positive high-error tail relative to the stochastic con-771

trols. Under PS-I, the positive and negative tails become much772

more balanced and the frequency of large positive differences773

falls markedly. For Network 2, for example, the structured-minus-774

randomised probability above +5◦ decreases from 32.1 per cent775

under FW-I to 14.3 per cent under PS-I. In the 12-station case it776

decreases further to 3.1 per cent, with no differences above +10◦.777

PS-I therefore does more than reduce a median error: it de-778

creases the likelihood that differential mismatch between P- and779

S-wave packets is mapped into a large full-tensor rotation. The780

improvement is not universal, and phase randomisation can re-781

distribute contaminant energy between the subsequently extracted782

P and S windows. For this reason the FW-I structured-versus-783

randomised comparison remains the cleanest direct diagnostic of784

temporal phase organisation, whereas PS-I shows how segmenta-785

tion modifies its expression.786

4.6 Depth Dependence as a Contaminant–Geometry787

Interaction788

The experiments do not support a universal depth at which struc-789

tured empirical contamination becomes most damaging. For the790

main contaminant, both six-station networks show pronounced791

shallow FW-I sensitivity, whereas the additional-contaminant792

tests demonstrate that the depth of maximum coherent-minus-793

randomised excess can migrate among 0.5, 2, and 4 km.794

This behaviour follows naturally from the experimental con-795

struction. The same contaminating waveform is superimposed on796

target synthetics generated at multiple source depths. Changing the797

target depth modifies travel times, waveform shape, take-off angles,798

relative phase timing, and the set of source tensors capable of fit-799

ting the resulting contaminated waveform. Depth is therefore one800

axis of a higher-dimensional interaction involving target mecha-801

nism, contaminant waveform, network geometry, and inversion for-802

mulation. A problem depth identified for one contaminant should803

not be transferred directly to another event or network.804

4.7 Sensitivity to Moment Tensor Constraint Strategy805

The constraint experiment separates persistent mechanism bias806

from sensitivity to increasing structured contamination. Restricting807

the admissible model space can reduce ∆ω0→1, but this does not808

guarantee that the restricted solution is closer to the prescribed ten-809

sor. When the imposed constraint is incompatible with the source,810

the solution can remain comparatively insensitive to increasing811

contamination while being strongly biased at all contamination lev-812

els.813

Stability under perturbation and accuracy with respect to the814

true source are therefore distinct properties. A tightly constrained815

inversion may appear robust because its model space does not per-816

mit substantial movement, even though the resulting mechanism is817

systematically incorrect. Constraint selection should be guided by818

physically defensible source assumptions and evaluated using both819

absolute bias and perturbation sensitivity.820

4.8 Real-Data Illustration and Diagnostic Consistency821

The real-data example provides a practical extension of the syn-822

thetic diagnostics. In the synthetic tests, depth is prescribed and823

contamination can be evaluated against a known tensor. In real data,824



source depth is itself uncertain; comparable sensitivity therefore ap-825

pears as a depth trade-off in which several tested depths can provide826

acceptable waveform fits while producing different source tensors.827

Both FW-I and PS-I favour a similar shallow depth interval for828

the representative event, but FW-I shows stronger mechanism vari-829

ability as tested depth moves away from the minimum, whereas830

PS-I preserves a more coherent mechanism family over a broader831

interval. The example is deliberately not used to validate a particu-832

lar synthetic error magnitude or to infer the physical mechanism of833

the event. It shows only that method- and depth-dependent non-834

uniqueness of the type diagnosed synthetically is present in the835

sparse local data.836

4.9 A Transferable Stress-Testing Framework for Shallow837

MTI838

The experiments define a practical stress-testing framework for839

MTI in shallow and structurally complex seismic environments.840

Although the numerical error levels obtained for Jacobina are site-841

specific, the diagnostic sequence is transferable. Its required inputs842

are an operational station configuration, a plausible source-depth843

range, representative source types, and locally recorded events suit-844

able for constructing structured empirical perturbations. A stochas-845

tic reference is first established using band-limited Gaussian con-846

tamination. Structured empirical contamination is then introduced847

to test whether solutions that appear stable under random perturba-848

tions remain robust to temporally organised source–path–site wave-849

form mismatch. Finally, phase randomisation of the same empirical850

records, while preserving their Fourier-amplitude spectra, provides851

a control for the contribution of temporal waveform organisation.852

Robustness is evaluated using both central and distributional853

measures. Configuration-level statistics characterise the typical re-854

sponse, whereas quantiles and two-sided exceedance probabili-855

ties identify susceptibility to large-error outcomes that may be856

obscured by small median differences. Repeating the structured-857

versus-randomised comparison with independent empirical con-858

taminants further tests whether the observed response is tied to a859

particular waveform. The same framework can be used to evaluate860

mitigation strategies: additional stations test the benefit of spatial861

redundancy, phase-segmented formulations test sensitivity to dif-862

ferential timing mismatch, and source constraints expose the trade-863

off between reduced perturbation sensitivity and persistent model864

bias. Station- or phase-specific corrections and empirical Green’s865

functions (Hartzell, 1978; Mueller, 1985) could be assessed within866

the same diagnostic sequence.867

The workflow is intended as a diagnostic stress test rather than868

a complete probabilistic uncertainty model. Its practical purpose is869

to determine whether an MTI configuration is robust only to un-870

structured waveform variance or also to the structured mismatch871

expected in shallow complex environments, and whether modifica-872

tions to network design, waveform treatment, or source parameter-873

isation reduce that susceptibility.874

5 CONCLUSIONS875

This study presents a controlled diagnostic assessment of mo-876

ment tensor inversion under Gaussian, structured empirical, and877

phase-randomised empirical waveform contamination for shal-878

low mining-induced seismicity. Gaussian and phase-randomised879

contamination produce similar ensemble-level behaviour, whereas880

structured empirical contamination produces a more heterogeneous881

response that is not adequately described by central statistics alone.882

Under FW-I, the principal structured-contamination effect is883

a positive high-error asymmetry in the paired rotation distribu-884

tion: many configurations remain weakly affected, but a suscepti-885

ble subset develops substantially larger full-tensor errors than under886

Gaussian or phase-randomised controls. The persistence of this be-887

haviour when all 15 stochastic realisations are retained shows that it888

is not an artefact of configuration-wise median aggregation. Phase889

randomisation substantially reduces the high-error excess, demon-890

strating that preserved temporal waveform organisation is impor-891

tant to its development.892

The contrast between the full-tensor rotation ω and the eigen-893

value angle θλ further shows that the effect is not purely a source-894

type change. Source-type discrepancies also develop an enhanced895

positive tail under FW-I, particularly for some non-ISO configura-896

tions, but the response is weaker and less systematic than for ω.897

A substantial component of the structured-contamination error is898

therefore associated with changes in recovered tensor orientation.899

P–S segmentation and increased station coverage both reduce900

high-error susceptibility. PS-I markedly suppresses the positive ω901

tail, while the 12-station configuration reduces both the median902

structured-contamination excess and the frequency of large posi-903

tive differences. Neither strategy guarantees complete immunity to904

structured mismatch, and their effectiveness remains configuration-905

dependent. Constraint tests additionally demonstrate that low sen-906

sitivity to contamination can coexist with large persistent source907

bias when an inappropriate source model is imposed.908

The additional-contaminant tests show that the coherence-909

related FW-I excess is reproducible across independent empirical910

waveforms, while the depth and configuration of maximum suscep-911

tibility vary. Detailed depth patterns should therefore be interpreted912

as contaminant–source–geometry interactions rather than universal913

depth effects.914

More generally, the experiments define a transferable diag-915

nostic framework for stress-testing shallow MTI before interpret-916

ing field solutions. The framework combines a stochastic ref-917

erence, representative structured empirical contamination, phase-918

randomised controls, paired configuration analysis, explicit evalua-919

tion of large-error tails, and tests of acquisition or inversion mitiga-920

tion. The numerical thresholds are site-specific, but the diagnostic921

sequence can be adapted to other shallow and structurally complex922

seismic environments.923
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