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SUMMARY
Full moment tensor inversion of shallow mining-induced seismicity is affected by sparse sta-
tion coverage, near-surface effects, and structured waveform mismatch that is not adequately
represented by random-noise assumptions. We present a synthetic diagnostic study using the Ja-
cobina mining district, Brazil, as a realistic reference case for local network geometry, shallow
source depths, and empirical waveform contamination. Tests were performed under three con-
tamination regimes: band-limited Gaussian noise, phase-randomised empirical contamination,
and structured empirical contamination constructed from small recorded events, thereby pre-
serving source–path–site waveform structure. The phase-randomised case preserves the empir-
ical amplitude spectrum while randomising temporal phase relationships, allowing the effects
associated with the empirical amplitude spectrum to be distinguished from those associated
with preserved temporal waveform structure. We compare conventional full-waveform inver-
sion with a P–S segmented strategy and examine the effects of prescribed source case, depth,
station geometry, and moment tensor constraints. Gaussian contamination produces smooth,
variance-dominated degradation. Structured empirical contamination produces stronger mech-
anism errors and, for the CLVD-like, mixed, and double-couple cases, can inflate spurious
non-double-couple components, whereas phase randomisation largely restores Gaussian-like
behaviour. The ISO-dominant case remains comparatively stable in orientation but shows per-
sistent decomposition bias. Denser station coverage reduces the amplitude and depth depen-
dence of empirical-contamination errors, although residual degradation can persist at greater
depths. P–S segmentation generally reduces sensitivity to structured contamination, especially
where P- and S-wave packets are differentially perturbed. Constraint tests show that restrictive
source parametrisations can produce solutions that are insensitive to increasing contamination
but systematically biased when incompatible with the true mechanism. These results indicate
that Gaussian-based thresholds should be treated as comparative stability references and that
station geometry and phase-specific waveform treatment should be evaluated jointly when as-
sessing inversion robustness under structured contamination.

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

1 INTRODUCTION1

Seismicity associated with underground mining provides a nat-2

ural laboratory for studying source processes under strong an-3

thropogenic perturbations. Excavation-driven stress redistribution,4

combined with pre-existing geological heterogeneity, can produce5

seismic responses that differ from those of typical tectonic earth-6

quakes, including swarm-like activity, very shallow source depths,7

and complex rupture behaviour (Gibowicz & Kijko, 1994). In such8

environments, reliable characterisation of source mechanisms is9

important both for understanding the processes governing mining-10

induced seismicity and for informing hazard mitigation and oper-11

ational decision-making (Gibowicz & Lasocki, 2001; Barthwal &12

van der Baan, 2020).13

Full moment tensor inversion is widely used in mining set-14



tings to distinguish shear slip from tensile opening or collapse-15

related processes, which may produce considerable non-double-16

couple components (Lizurek, 2017; Ma et al., 2019). However,17

source characterisation through moment tensor inversion in shallow18

mining environments is often challenged by sparse station coverage19

and waveform distortions associated with near-surface complexity,20

geological heterogeneity, and path effects that are not adequately21

represented by simple velocity models or Gaussian-noise assump-22

tions (Duputel et al., 2012; Birnie et al., 2020; Pha.m et al., 2024).23

Understanding and quantifying how these factors affect inversion24

stability is fundamental for obtaining robust focal solutions and for25

reliably interpreting and monitoring seismicity in mining districts.26

Waveform-based approaches, such as the two-step time-27

frequency inversion method (Vavryčuk & Kühn, 2012) and the28

Cut-and-Paste (CAP) technique (Zhao & Helmberger, 1994; Zhu &29

Helmberger, 1996), improve tolerance to timing mismatches asso-30

ciated with imperfect velocity models. At the same time, it has be-31

come increasingly clear that inversion uncertainty reflects not only32

observational noise but also modelling deficiencies and incomplete33

physical representations of wave propagation (Duputel et al., 2012).34

These concerns have motivated more realistic synthetic as-35

sessments. Birnie et al. (2020) showed that benchmarking micro-36

seismic imaging and moment tensor inversion methods with white37

Gaussian noise can yield misleading performance estimates, while38

more realistic contamination conditions expose instabilities not ev-39

ident in Gaussian noise tests. Pha.m et al. (2024) further demon-40

strated that full-waveform moment tensor inversion is strongly af-41

fected by theory error associated with imperfect three-dimensional42

Earth structure, especially when structural uncertainties are spa-43

tially correlated. In mining settings, Caputa et al. (2021) also44

showed, through synthetic tests based on the Rudna mine, that45

realistic station geometry and measured contamination conditions46

can significantly affect the relative performance of first-motion and47

waveform-based inversions.48

Despite these methodological advances and the growing49

recognition that realistic noise and forward-model uncertainty can50

strongly affect moment tensor solutions, an important question re-51

mains unresolved: how do systematic waveform distortions that52

preserve temporal phase structure affect moment tensor stability?53

Standard synthetic validation commonly relies on random Gaussian54

noise or incoherent background-noise measures, neither of which55

presents a structured temporal phase relationship. Although pre-56

vious studies have shown that realistic noise and correlated the-57

ory error can degrade moment tensor inversion more strongly than58

idealised Gaussian perturbations (Birnie et al., 2020; Pha.m et al.,59

2024), they did not isolate the contribution of temporal phase struc-60

ture. To our knowledge, no systematic framework has yet explic-61

itly isolated and quantified this contribution under local empirical62

contamination. This gap is particularly relevant for shallow mining63

seismicity and for analogous settings such as volcanic and geother-64

mal environments, where coherent scattering, site amplification,65

near-surface complexity, and structural heterogeneity can introduce66

systematic waveform distortions across a network.67

This study addresses that gap by testing three specific ques-68

tions: (1) Does structured empirical contamination produce degra-69

dation beyond that predicted by Gaussian contamination? (2) Does70

phase randomisation isolate the contribution of the preserved tem-71

poral phase structure? (3) How do station coverage and inversion72

strategy modulate these effects?73

The Jacobina gold mining district, north-eastern Brazil, is74

used as a realistic reference case to define the local network ge-75

ometry, shallow source configuration, and empirical waveform-76

contamination framework examined in the tests. We evaluate in-77

version performance under three contamination regimes: band-78

limited Gaussian noise, phase-randomised empirical contamina-79

tion, and structured empirical contamination constructed from80

small recorded events, thereby preserving realistic source–path–81

site waveform structure. We hypothesise that structured empir-82

ical contamination will produce systematic degradation beyond83

Gaussian predictions and that phase randomisation will restore84

behaviour closer to the Gaussian baseline by removing temporal85

phase structure. To assess methodological sensitivity, we compare86

conventional full-waveform inversion with a P–S segmented inver-87

sion strategy adapted from the CAP concept, in which P- and S-88

wave arrivals are treated as independent waveform segments with89

separate time shifts and combined misfit contributions. We further90

examine how station coverage and source depth interact with con-91

tamination type to affect solution stability. Because the framework92

explicitly links source depth, station geometry, contamination type,93

and inversion strategy, it can also be adapted as a diagnostic tool94

to compare candidate network configurations in other shallow seis-95

micity settings.96

2 METHODS97

2.1 Study Area and Temporary Seismic Network98

The Jacobina gold mining district is located in the north-eastern99

São Francisco Craton, Brazil, and comprises underground mines100

distributed along the Jacobina Ridge (Fig. 1). The district is charac-101

terised by shallow mining-induced seismicity and a structurally het-102

erogeneous geological setting that includes metasedimentary rocks103

of the Jacobina Group, mapped faults, and mafic dyke systems with104

dominant north–south and secondary east–west trends (Barbosa &105

Sabaté, 2004; Santos et al., 2019). The geological description is106

intentionally limited to the information required to define the syn-107

thetic diagnostic framework.108

The temporary local network consisted of six three-109

component short-period stations, including GEObit GEOtiny and110

Raspberry Shake 3-D instruments, sampling at 100 Hz. Two tempo-111

rary network geometries were deployed: an initial broad configura-112

tion operating from February to April 2022 (Network 1), followed113

by a more compact configuration operating until August 2023 (Net-114

work 2; Fig. 1b). These two geometries, together with an idealised115

12-station configuration formed by the union of both layouts, are116

reproduced in the synthetic tests. The network description is re-117

tained only to define the station configurations used in the diagnos-118

tic experiments.119

2.2 Event Detection, Location and Catalogue Use120

We constructed a local event catalogue to provide realistic source-121

depth constraints, representative waveform examples, and empir-122

ical contamination waveforms for the synthetic diagnostic tests.123

Events were detected using the Python Matching Phase Algorithm124

(PyMPA) of Vuan et al. (2018), a matched-filter method applied125

to continuous multi-station waveform data. High-quality templates126

were windowed around P-wave arrivals and filtered between 2 and127

20 Hz. The matched-filter search yielded 373 detections, of which128

320 events were retained after visual validation, phase picking, and129

location-quality screening.130

Hypocentral locations were obtained with Hypocenter131

(Lienert & Havskov, 1995), as implemented in SEISAN (Havskov132
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Figure 1. The study area: (a) regional context of the Jacobina mine district (small yellow square), highlighting the main geotectonic unit, the São Francisco
Craton (shaded area); and (b) topographic map of study area with triangles denoting the two temporary networks used to study seismicity between 2022 and
2023, with green circles denoting the 191 relocated earthquakes, and open squares delineating mining areas.

& Ottemöller, 1999), using a homogeneous velocity model with133

VP = 5.9 km s−1 and VP /VS = 1.69. These values were derived134

from Wadati analysis and iterative reduction of RMS residuals and135

location errors. The catalogue spans local magnitudes from approx-136

imately ML = -0.5 to 2.6. Estimated absolute uncertainties are ap-137

proximately 0.4 km horizontally and 1.3 km vertically; these uncer-138

tainties motivated the explicit treatment of source depth as a sensi-139

tivity parameter in the synthetic tests.140

Relative relocations were performed with HypoDD (Wald-141

hauser & Ellsworth, 2000) using catalogue and cross-correlation142

differential times. A total of 191 events were relocated in three143

major mining-sector clusters. These relocations are not interpreted144

here as a primary seismological result; instead, they define a re-145

alistic shallow-source context for the diagnostic experiments and146

guide the selection of representative recorded events used as em-147

pirical waveform contamination.148

2.3 Moment Tensor Inversion Framework149

Moment tensor inversion was performed using MTUQ, an open-150

source Python framework for focal mechanism estimation and un-151

certainty analysis (Thurin et al., 2025). In MTUQ, the full mo-152

ment tensor is represented as a symmetric 3×3 matrix and decom-153

posed into isotropic and deviatoric components, allowing discrim-154

ination between volumetric and complex shear processes. MTUQ155

implements waveform-based inversion using cross-correlation mis-156

fit measures and supports multiple constraint levels, including full157

moment tensor (FMT), deviatoric (DVT) and pure double-couple158

(DC) solutions.159

Moment tensor space is parametrised using the lune represen-160

tation (Tape & Tape, 2019), where isotropic and CLVD components161

are quantified by the parameters δ and γ, respectively. This formu-162

lation facilitates systematic exploration of source-type uncertainty163

and stability. Given the shallow source depths, sparse station cov-164

erage, and velocity-model uncertainty in the Jacobina setting, the165

focus here is on inversion stability and bias rather than on the inter-166

pretation of individual source mechanisms.167

2.3.1 Independent P- and S-Wave Inversion (PS-I)168

To address the challenges of local body-wave inversion in this shal-169

low mining setting, we implemented a P–S segmented inversion170

strategy adapted from the Cut-and-Paste method (Zhao & Helm-171

berger, 1994; Zhu & Helmberger, 1996). CAP separates waveform172

groups and allows independent timing adjustments to reduce sensi-173

tivity to travel-time mismatches associated with imperfect velocity174

models and source locations. For example, Chang et al. (2019) ap-175

plied CAP to small-to-moderate earthquakes by separating P waves176

on the vertical and radial components from S waves on the verti-177

cal, radial and transverse components, with independent time shifts178

between the P- and S-wave groups. In the local-distance setting179

considered here, surface-wave contributions are weak and the us-180

able signal is dominated by body waves. We therefore adopt the181

same general segmentation principle but formulate the inversion in182

terms of independent P- and S-wave windows for full moment ten-183

sor analysis.184

P- and S-wave windows were defined separately (see the val-185

ues in Table 1), and the two waveform groups were allowed in-186

dependent time shifts to accommodate differential propagation ef-187

fects. Individual misfits were computed for the P and S windows188

using waveform cross-correlation, and the final misfit was calcu-189

lated as an equally weighted combination:190

χPS−I = χP (∆tP ) + χS(∆tS). (1)

Here, χPS−I is the final misfit function for the PS-I inversion191

method; χP and χS are the misfits referred to individual P- and192

S-wave inversions, respectively; ∆tP and ∆tS are independently193



optimised time shifts whose absolute values are limited to 0.05 s.194

This conservative limit was used throughout the synthetic and real-195

data inversions to accommodate modest timing errors associated196

with location and velocity-model uncertainty.197

This approach is motivated by three considerations: (1) sep-198

arating P and S waves balances their relative contributions and199

prevents S-wave amplitude dominance; (2) independent timing ad-200

justments partially accommodate phase-dependent travel-time mis-201

match without invoking complex 3-D models, including variations202

in the VP /VS ratio; and (3) segmentation provides separate phase-203

specific constraints and prevents P- and S-wave contributions from204

being forced into a single coupled waveform fit. The strategy fol-205

lows the general CAP principle of fitting P- and S-wave groups with206

independent timing adjustments (Zhao & Helmberger, 1994; Zhu207

& Helmberger, 1996; Chang et al., 2019), but is implemented here208

within a full moment tensor framework tailored to local mining-209

induced seismicity. We evaluated PS-I through synthetic compar-210

isons with conventional full-waveform inversion (FW-I) under the211

contamination regimes described below.212

2.3.2 Synthetic Waveform Contamination Strategy213

We implemented a three-stage contamination strategy to assess the214

robustness of full moment tensor inversion under progressively215

more realistic perturbation conditions. The first stage defines a216

Gaussian-contamination baseline in which waveform perturbations217

are represented by amplitude-controlled, band-limited (1–5 Hz)218

Gaussian noise. This case provides an incoherent reference con-219

dition against which the effects of more structured contamination220

can be evaluated.221

The second stage uses empirical contamination derived from222

recorded small-magnitude events (ML 0.5–0.9). These waveforms223

preserve realistic source radiation, site effects, scattering, and path-224

dependent phase distortions present in the local records. For each225

network configuration, three candidate empirical events were tested226

and produced qualitatively consistent degradation patterns; the re-227

sults shown correspond to a single representative contaminant se-228

lected based on signal-to-noise ratio, waveform quality, and net-229

work completeness. The selected contaminant was superimposed230

on synthetic waveforms for all prescribed source depths. Conse-231

quently, the resulting depth-dependent patterns should be inter-232

preted as a response to a fixed contaminant waveform, rather than233

as a universal function of the source depth. The use of small events234

limits waveform complexity associated with longer or more com-235

plex ruptures and provides high-quality local records. Thus, we in-236

terpret them as structured source–path–site waveform perturbations237

rather than as source-free representations of propagation effects.238

The third stage uses phase-randomised empirical contamina-239

tion to isolate the role of preserved temporal phase structure. We240

generate random phases independently for each station-component241

trace and for each realisation. In this case, the amplitude spectrum242

of the empirical waveform is preserved while its phase spectrum is243

randomised in the frequency domain according to244

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

In equation 2, |F (ω)| is the amplitude spectrum of the original em-245

pirical waveform and ϕrand(ω) is a random phase drawn indepen-246

dently from a uniform distribution over [0, 2π] for each frequency.247

Randomisation preserved the conjugate symmetry required to re-248

cover real-valued time series after inverse transformation. This pro-249
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Figure 2. Illustrative waveform effects of the three contamination regimes.
(a) Uncontaminated synthetic waveform for an ISO-dominant source case
(MW = 2) recorded at station JAC11; thin coloured bands indicate the
windows used in the moment tensor inversions. (b)–(d) Synthetic wave-
form after Gaussian, structured empirical, and phase-randomised empirical
contamination, respectively. All examples use α = 0.6 and the 1–5 Hz band.

cedure defines an intermediate condition between incoherent Gaus-250

sian perturbations and fully phase-structured empirical contamina-251

tion, allowing the contribution of preserved temporal phase rela-252

tionships to inversion degradation to be assessed directly.253

For all three contamination strategies, the contaminant win-254

dows were filtered and aligned with the corresponding synthetic255

windows using the P-wave arrival for the segmented P-wave and256

full-waveform inversions, and the S-wave arrival as the reference257

for the corresponding S-wave inversion. The contaminant was then258

scaled independently for each trace according to eq. (3).259

unoisy(t) = usyn(t) + α
RMSsyn

RMScont
ucont(t), (3)

where usyn and ucont denote the uncontaminated synthetic wave-260

form and the contaminant waveform, respectively; unoisy is the261

contaminated waveform; α is the scaling factor; and RMSsyn and262

RMScont are the root-mean-square amplitudes of the synthetic263

and contaminant waveforms measured over the same analysis win-264

dow. This normalisation provides direct control over the virtual265

signal-to-noise ratio, such that SNR = 1/α, where SNR =266

RMSsyn/RMSscaled. The tested contamination levels ranged from267

α = 0.2 to 1.0, corresponding to SNR values of 5.0 to 1.0 and rang-268

ing from moderate to severe contamination. The non-zero rotation269

angles at α = 0 in Section 3.1 reflect the finite sampling of the270

moment-tensor search grid and therefore define the numerical base-271

line of the inversion rather than contamination-induced error.272

We selected the 1–5 Hz band as a compromise between main-273

taining a sufficient signal-to-noise ratio and limiting the high-274

frequency waveform complexity of empirical contaminants. Fig. 2275

illustrates the effect of the three contamination regimes on a repre-276

sentative synthetic trace.277



2.3.3 Synthetic Tests and Constraints278

Synthetic waveforms were generated by convolving prescribed mo-279

ment tensors with precomputed Green’s functions calculated us-280

ing Computer Programs in Seismology (Herrmann, 2013). Source281

depths ranged from 0.1 to 5 km, and source–receiver epicentral282

geometries matched those represented by the empirical contami-283

nants. Green’s functions and uncontaminated synthetic waveforms284

were generated using the same homogeneous 1-D model adopted285

for hypocentral location, with VP = 5.9 km s−1 and VS ≃ 3.49 km286

s−1. Synthetic traces were sampled at 0.02 s with 512 samples, and287

a Dirac delta source-time function was used.288

The baseline synthetic tests contain no intentional forward-289

model mismatch; structured waveform mismatch is introduced290

through the empirical contamination. A concise summary of the291

Green’s-function and waveform-generation settings is provided in292

Table S2; the complete CPS model accompanies the processing293

scripts described in the Data Availability section.294

The synthetic test suite considered three network configura-295

tions: two 6-station geometries reproducing the real deployments296

(Fig. 1b) and an idealised 12-station configuration that includes all297

available stations, that is, the union of the two 6-station layouts. For298

each configuration, we evaluated four prescribed source cases: ISO-299

dominant (ISO), CLVD-like (CLVD), mixed (MIX), and double-300

couple (DC), together with three representative orientations cor-301

responding to normal, reverse, and strike-slip faulting styles. The302

ISO and CLVD abbreviations are shorthand labels for prescribed303

lune locations and do not denote mathematically pure end mem-304

bers; the DC case is the only pure end member. The correspond-305

ing lune parameters and component decompositions are provided306

in Table S1. For Gaussian and phase-randomised contamination,307

15 independent realisations were generated for each combination308

of network geometry, source case, source orientation, source depth,309

contamination level, and inversion method, whereas structured em-310

pirical contamination used a single representative contaminant for311

each network. For all the tests, the final synthetic waveforms simu-312

lated an event with a prescribed magnitude of MW = 2.313

Inversion performance was quantified primarily by the rota-314

tion angle ω between the true and recovered moment tensors. This315

parameter was defined in Tape & Tape (2012) as an alternative to316

the usual Kagan angle and provides a compact measure of mecha-317

nism error.318

In the PS-I method, P- and S-window misfits were optimised319

independently, each with a maximum allowed shift of 0.05 s.320

Component-level shifts followed the implementation of the MTUQ321

cross-correlation, while the final misfit was computed from the P-322

and S-window contributions. For the transverse components, the323

time shifts were allowed to be independent of the corresponding324

vertical and radial components. Table 1 summarises the principal325

network, waveform-window, contamination, and inversion settings326

used in the synthetic tests.327

2.3.4 Real-Data Diagnostic Inversion328

A representative ML 1.2 event recorded by Network 2 (stations329

JAC7–JAC12) was analysed to determine whether the synthetic di-330

agnostics were consistent with the observed sparse-network data.331

Waveforms were processed in the same 1–5 Hz band and inverted332

with the same Green’s functions, component weighting, window333

lengths, and maximum time shifts used in the corresponding Net-334

work 2 synthetic tests.335

Full moment tensor solutions were searched over source336

depths from 0.1 to 2.5 km at 0.2 km intervals and moment mag-337

nitudes from MW 1.0 to 1.4 at 0.1-unit intervals. Both FW-I and338

PS-I were applied. The real-data example is used only to illus-339

trate method- and depth-dependent non-uniqueness and is not in-340

terpreted as evidence for a preferred source mechanism.341

3 RESULTS342

3.1 Synthetic Validation343

3.1.1 Gaussian Noise Baseline344

We first examine Gaussian-noise experiments to determine how345

random waveform perturbations affect the stability of moment346

tensor inversion. These experiments define a reference regime in347

which waveform contamination is governed by random amplitude348

perturbations without imposed phase structure.349

For the CLVD-like, mixed, and DC source cases, both full-350

waveform inversion (FW-I) and P–S segmented inversion (PS-I)351

showed progressive and approximately monotonic degradation in352

mechanism recovery. Fig. 3a shows the ω distribution across con-353

tamination levels for FW-I, with ω increasing systematically with354

α for both networks. By contrast, the ISO-dominant case exhibited355

comparatively stable mechanism recovery, with ω remaining near356

5◦ across the full range of contamination levels. This pattern was357

consistent across both network geometries, indicating that the pre-358

dominantly isotropic radiation pattern of this prescribed case is less359

sensitive to random waveform perturbations than the more strongly360

deviatoric cases. The results for the 12-station configuration are361

shown in Fig. S1(a) of the Supplementary Material and exhibit the362

same overall behaviour, with only a modest reduction in rotation-363

angle dispersion relative to the 6-station networks.364

We next examine the depth dependence of the Gaussian-noise365

response to determine whether source depth systematically mod-366

ulates inversion stability. As shown in Fig. 3b, FW-I results ex-367

hibited no systematic variation in mechanism degradation with368

source depth. PS-I results indicated slightly elevated ω values for369

shallow sources, particularly at higher contamination levels and370

most clearly in Network 2, although the increase remained mod-371

est and lacked a systematic depth dependence. The correspond-372

ing 12-station results in Fig. S1(b) likewise showed limited depth373

dependence, consistent with the weak sensitivity of the Gaussian-374

contamination case to network geometry.375

We then examine the influence of Gaussian contamination on376

the recovery of non-double-couple (NDC) components to assess377

how source decomposition is affected. To quantify this, we mea-378

sured the difference in NDC component contribution between the379

true and recovered moment tensors ∆NDC. For example, for DC380

sources, the true NDC contribution was defined as NDCTRUE =381

ISOTRUE + CLVDTRUE = 0%, while the recovered contri-382

bution was NDCREC = ISOREC + CLVDREC. Consequently,383

∆NDC = |NDCTRUE −NDCREC|. Fig. 3c shows the mean and384

standard deviation of ∆NDC for the prescribed source cases at385

two representative contamination levels (α = 0.2 and 0.8). Across386

all prescribed source cases and both inversion methods, increas-387

ing α values led to larger spurious NDC contributions and greater388

variability in ∆NDC. For the ISO-dominant case, however, this389

increase was less pronounced because decomposition errors were390

already comparatively elevated at the lower contamination level.391

Fig. S1(c) shows that the 12-station network exhibited the same392

variance-dominated behaviour, with slightly reduced spread of the393

recovered solutions.394



Table 1. Inversion parameters used in this study. Full source-type and orientation combinations are listed in Table S1.

Parameter Setting

Green’s functions CPS wavenumber integration
Velocity model Homogeneous 1-D model
Frequency band 1–5 Hz
Inversion methods FW-I; PS-I
Constraint levels FMT (all tests); DVT and DC (Section 3.1.5 only)
Synthetic depth grid 0.1–5.0 km, with denser sampling at shallow depths and coarser sampling at greater depths
Network configurations Broad 6-station (Network 1); compact 6-station (Network 2); full 12-station network
Contamination models Gaussian (15 realisations); structured empirical (one realisation); phase-randomised empirical (15 realisations)
Contamination scaling α = 0.0, 0.2, 0.4, 0.6, 0.8, and 1.0

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
Maximum time shift 0.05 s
Time-shift strategy Independent P and S shifts; common shift for vertical/radial components and independent shift for transverse

components
Diagnostic metric Rotation angle ω
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Figure 3. Gaussian contamination effects on MTI for Network 1 and Network 2. (a), (d) FW-I rotation angle ω across contamination levels for the prescribed
source cases: ISO-dominant (ISO), CLVD-like (CLVD), mixed (MIX), and double-couple (DC). Values and error bars denote the median and median absolute
deviation across source orientations, depths, and independent realisations. (b), (e) Median ω across selected source depths and contamination level for FW-I
and PS-I. (c), (f) NDC-component errors (∆NDC) at α = 0.2 and 0.8 for the prescribed source cases and both inversion methods.



3.1.2 Effects of Structured Empirical Contamination395

We now examine empirical-contamination experiments to deter-396

mine how structured waveform distortion affects the stability of397

moment tensor inversion. Unlike the Gaussian-contamination tests,398

the empirical-contamination experiments used a single represen-399

tative waveform realisation for each network. As a result, the ob-400

served variability reflects sensitivity to source case, fault orienta-401

tion, and depth rather than stochastic variance. Structured empir-402

ical contamination produced stronger degradation than Gaussian403

contamination at equivalent scaling factors, although the magnitude404

of this additional degradation varied with source case and network405

configuration (Fig. 4). Following a similar framework adopted in406

Section 3.1.1, we evaluate this behaviour by examining the varia-407

tion of ω with empirical contamination level for the classical FW-I408

approach (Fig. 4a); the depth dependence of the additional degra-409

dation caused by empirical contamination in relation to Gaussian410

contamination, ∆ω, for FW-I and PS-I (Fig. 4b); and the compar-411

ison of the generation of spurious NDC components (∆NDC) be-412

tween empirical and Gaussian contamination (Fig. 4c). The corre-413

sponding full empirical-contamination results are shown in Figs S2414

and S3, and the 12-station empirical-versus-Gaussian comparison415

is shown in Fig. S4.416

For CLVD-like, mixed, and DC source cases, FW-I solutions417

generally exhibit larger rotation angles under structured empirical418

contamination than under Gaussian contamination, particularly at419

higher contamination levels. This effect is clear for both 6-station420

networks, although its magnitude differs between the broad and421

compact geometries. By contrast, the ISO-dominant case remains422

comparatively stable in orientation, with low ω values even at high423

empirical-contamination levels. The 12-station network preserves424

this source-case hierarchy but substantially reduces the absolute ω425

values, indicating that improved station coverage mitigates much426

of the orientation instability associated with structured empirical427

contamination (Fig. S4(a)).428

The depth-dependent response confirms that empirical con-429

tamination does not act as a simple amplitude-controlled perturba-430

tion. To quantify this effect, we measured the difference between ω431

values obtained under empirical and Gaussian contamination, ∆ω.432

For Network 1, the additional FW-I degradation is concentrated433

mainly at shallow to intermediate depths, with smaller residual ef-434

fects also occurring at other depths. For Network 2, FW-I degrada-435

tion is more pronounced at greater depths, with the strongest posi-436

tive ∆ω values occurring between approximately 3 and 5 km. PS-I437

reduces the strongest empirical-contamination effect, especially in438

Network 2, but does not eliminate all shallow or intermediate-depth439

sensitivity. For the 12-station network, the additional degradation440

is strongly attenuated across most depths, with residual FW-I sen-441

sitivity concentrated mainly at 4–5 km and largely suppressed by442

PS-I (Fig. S4(b)). These patterns indicate that the specific empiri-443

cal contaminants used here interact with source depth and station444

geometry in a manner distinct from Gaussian contamination, with445

the detailed depth dependence varying between network configura-446

tions.447

Empirical contamination also affects NDC recovery, although448

this effect is source- and network-dependent rather than uni-449

form. Compared with Gaussian contamination, empirical contam-450

ination generally increases spurious NDC contributions for the451

more strongly deviatoric cases, particularly the CLVD-like and DC452

cases in the compact network. However, the magnitude of this in-453

crease varies across source case, method, and network geometry,454

and the associated variability remains substantial. Generally, PS-455

I method slightly reduces the empirical contamination effect on456

NDC component recovery (Fig. 4c). In the 12-station configura-457

tion, empirical-contamination-induced NDC errors are reduced but458

not completely removed (Fig. S4(c)). These results suggest that459

structured empirical contamination introduces systematic source-460

decomposition bias, but the strength of this bias depends on the461

network geometry, on the prescribed source case and on the inver-462

sion method used.463

3.1.3 Role of Preserved Temporal Phase Structure464

We now examine phase-randomisation experiments. This contam-465

ination strategy aims to isolate the effects of the temporal phase466

structure on moment tensor inversion. In these experiments, the467

empirical amplitude spectrum was preserved while temporal phase468

relationships were randomised. This design allows the effects of469

amplitude content to be separated from those of coherent temporal470

waveform structure. Fig. 5 compares structured empirical contami-471

nation with phase-randomised empirical contamination for the two472

6-station networks, while the corresponding 12-station results are473

shown in Fig. S5.474

The mechanism-rotation response shows that phase randomi-475

sation substantially reduces the additional degradation associated476

with empirical contamination. For the CLVD-like, mixed, and DC477

source cases, the phase-randomised empirical results more closely478

approximate Gaussian-contamination behaviour than the structured479

empirical results, indicating that the additional degradation cannot480

be explained by spectral amplitude alone. The ISO-dominant case481

remains comparatively insensitive to contamination type, consis-482

tent with its predominantly isotropic radiation pattern. In the 12-483

station configuration, the absolute ω values are reduced, and the484

structured and phase-randomised empirical curves become more485

closely aligned, indicating that denser station coverage suppresses486

much of the phase-structured contribution to mechanism rotation487

(Fig. S5(a)).488

The depth-dependent comparison reinforces this interpreta-489

tion. We measured the difference between the ω values obtained490

under structured empirical contamination and those under phase-491

randomised empirical contamination, ∆ω. For the 6-station net-492

works, the resulting ∆ω patterns closely resemble the empirical-493

versus-Gaussian depth dependence, showing that preserved tempo-494

ral phase structure accounts for much of the additional empirical-495

contamination degradation. FW-I is generally more sensitive to this496

effect, whereas PS-I reduces the depth-dependent differences. In497

the 12-station network, the phase-structure effect is strongly atten-498

uated across most depths, with the clearest residual FW-I degrada-499

tion concentrated at the greatest tested depths (Fig. S5(b)).500

The same tendency appears in the recovery of NDC com-501

ponents. Structured empirical contamination generally produces502

larger spurious NDC contributions than the phase-randomised em-503

pirical case, whereas phase randomisation yields NDC levels closer504

to those obtained under Gaussian contamination. The difference is505

clearest for the CLVD-like, mixed, and DC cases and is reduced506

in the 12-station configuration (Fig. S5(c)). These results indicate507

that preserved temporal waveform structure is a major contributor508

to systematic moment tensor bias, although its expression is mod-509

ulated by prescribed source case, station geometry, and inversion510

strategy.511
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Figure 4. Structured empirical versus Gaussian contamination for Network 1 and Network 2. (a), (d) Median FW-I rotation angle ω across contamination
levels for the ISO-dominant (ISO), CLVD-like (CLVD), mixed (MIX), and double-couple (DC) source cases under structured empirical (E) and Gaussian (G)
contamination. (b), (e) Difference between median rotation angles under structured empirical and Gaussian contamination across selected source depths and
contamination level, ∆ω = ωempirical − ωgaussian. (c), (f) NDC-component errors (∆NDC) under Gaussian and structured empirical contamination. Bars
and error bars denote the mean and standard deviation, respectively.

3.1.4 Role of Network Geometry512

We finally examine in more detail how network geometry affects513

the robustness of moment tensor inversion.514

Under Gaussian contamination, differences among network515

configurations are relatively small. Increasing the station count516

mainly results in a modest reduction in rotation-angle dispersion,517

consistent with the 12-station Gaussian results shown in Fig. S1.518

In contrast, under structured empirical contamination, network ge-519

ometry exerts a stronger control on the depth-dependent degrada-520

tion pattern (Fig. 6). Because the empirical contaminant is fixed for521

each network, the depth of maximum degradation should be inter-522

preted as contaminant-specific rather than as a universal function523

of source depth.524

In the broad 6-station configuration (Network 1), FW-I so-525

lutions show the greatest degradation at shallow to intermediate526

depths, particularly around 1–2 km, where ω reaches its highest val-527

ues at the highest contamination levels (Fig. 6a). At greater depths,528

the degradation decreases but remains above the Gaussian baseline529

in some cases. PS-I does not remove this depth dependence; in-530

stead, it produces values that are broadly comparable to FW-I at531

several depths and redistributes the degradation pattern. Thus, for532

Network 1, the main effect of PS-I is not a uniform reduction of ω,533

but a modification of how empirical contamination is mapped into534

the recovered mechanism.535

For the compact 6-station configuration (Network 2), the536

empirical-contamination response differs markedly. FW-I degrada-537

tion increases strongly at depth, with the largest ω values occurring538

between approximately 3 and 5 km (Fig. 6b). PS-I substantially539

suppresses this deep degradation and produces lower values at the540

greatest depths, although elevated ω values remain at shallow to in-541

termediate depths for high contamination levels. This indicates that542

P–S segmentation is particularly effective where structured con-543

tamination produces depth-dependent full-waveform inconsistency,544

but it does not eliminate all sensitivity to empirical contamination.545

The 12-station configuration provides the clearest evidence for546

the stabilising effect of increased station coverage. For this geom-547

etry, empirical-contamination effects are strongly reduced across548

most depths for both inversion strategies. At high contamination549

levels, FW-I remains close to the Gaussian reference through most550

of the shallow to intermediate depth range, but residual degrada-551

tion persists at 4–5 km. PS-I further suppresses this residual deep552

effect and remains comparatively stable across the tested depths553

(Fig. 6c). The supplementary full-network comparisons in Figs S3–554

S5 confirm that denser station coverage reduces both the overall555

amplitude and depth dependence of the errors. However, it does556

not completely remove the effect of structured empirical contami-557

nation.558

Together, these results show that station geometry strongly559
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Figure 5. Structured empirical versus phase-randomised empirical contamination for Networks 1 and 2. (a), (d) Median FW-I rotation angle ω across con-
tamination levels for the ISO-dominant (ISO), CLVD-like (CLVD), mixed (MIX), and double-couple (DC) source cases under structured empirical (E) and
phase-randomised empirical (RD) contamination. (b), (e) Difference between median rotation angles under structured and phase-randomised empirical contam-
ination across selected source depths and contamination level, ∆ω = ωempirical − ωrandomised. (c), (f) NDC-component errors (∆NDC) under Gaussian,
structured empirical, and phase-randomised empirical contamination. Bars and error bars denote the mean and standard deviation, respectively.

modulates the impact of structured empirical contamination.560

Denser coverage reduces overall instability, but the depth at which561

degradation becomes most pronounced depends on the interaction562

among source depth, station distribution, and the specific empirical563

contaminant waveform used in each network.564

3.1.5 Sensitivity to Moment Tensor Constraint Strategy565

We performed a limited sensitivity analysis to examine how com-566

monly used moment tensor constraints affect solution bias and567

contamination sensitivity under structured empirical contamina-568

tion. Here, the term “constraint” refers to the degree of restriction569

imposed on the source parametrisation, namely, full moment ten-570

sor, deviatoric, or double-couple inversion. Because the empirical-571

contamination tests were performed using a single representative572

realisation for each configuration, variability across results should573

not be interpreted as stochastic repeatability in the same sense as574

in the Gaussian and phase-randomised experiments. Instead, the575

comparison is designed to assess how each constraint modifies the576

inversion's response to increasing structured contamination.577

To separate absolute bias from contamination sensitivity, we578

summarised the results using two quantities. The first is the mean579

rotation angle across contamination levels, ω, which is used as a580

proxy for overall mechanism bias. The second is the increase in581

rotation angle between the uncontaminated and most contaminated582

cases, ∆ω = ωα=1 − ωα=0, which measures the sensitivity to in-583

creasing empirical contamination. Fig. 7 compares these quantities584

for representative source cases, constraint levels, inversion strate-585

gies, and network geometries.586

The results show a clear bias–sensitivity trade-off. When the587

imposed constraint is compatible with the prescribed source case,588

the solutions generally remain with a relatively low mean ω (ω).589

However, they may still exhibit non-negligible ∆ω, especially for590

the more strongly deviatoric cases under full moment tensor in-591

version. In contrast, when the imposed constraint is incompatible592

with the true mechanism, the solutions commonly shift toward a593

much larger ω, while ∆ω becomes small. This pattern is particu-594

larly evident for the ISO-dominant case inverted under deviatoric595

or double-couple constraints, and for the mixed case inverted un-596

der more restrictive parametrisations. These cases are, therefore,597

contamination-insensitive but strongly biased.598

The comparison between FW-I and PS-I further indicates that599

P–S segmentation can reduce the contamination sensitivity in sev-600

eral cases. Still, it does not remove the bias introduced by an inap-601

propriate constraint. In both networks, PS-I tends to reduce ∆ω for602

some compatible or weakly constrained cases. At the same time,603

the high-bias solutions produced by incompatible constraints re-604

main displaced toward large ω. Thus, the main effect of constraint605
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Figure 6. Depth dependence of structured empirical contamination for the three network configurations: (a) and (b) show median ω value across depths for
Network 1 and Network 2, respectively. (c) The same for the 12-station network. Results for each network uses its own colour scale.

choice is not simply to improve or degrade stability, but to redis-606

tribute the error between sensitivity to contamination growth and607

persistent mechanism bias.608

3.2 Real-Data Illustration of Method-Dependent Depth609

Trade-off610

To assess whether synthetic diagnostics are relevant to the ob-611

served mining-induced seismicity, we analysed one representative612

event recorded by the local six-station Network 2 using the proce-613

dure described in Section 2.3.4. Because the objective is diagnos-614

tic rather than descriptive, the event is used only to illustrate the615

method-dependent depth trade-off under realistic sparse-network616

conditions.617

Fig. 8 shows the depth-dependent misfit and corresponding618

preferred full moment tensor solutions for the ML 1.2 event ob-619

tained with FW-I and PS-I. In both cases, the minimum misfit oc-620

curs at approximately 0.5–0.8 km depth. The methods therefore do621

not select fundamentally different depth regimes, but they differ in622

the shape of the misfit curve and in the evolution of the preferred623

mechanism with depth. FW-I shows larger changes in source char-624

acter away from the shallow minimum, whereas PS-I preserves a625

more coherent mechanism family across a broader part of the tested626

interval.627

The moment magnitude selected within the search also varies628

with depth, but the main diagnostic information is the joint depth629

dependence of misfit and mechanism. This example is not used to630

infer a preferred physical mechanism or structural interpretation for631

the event.632

4 DISCUSSION633

The sensitivity of moment tensor inversion to noise and modelling634

uncertainties has long been recognised, particularly for shallow635

and low-magnitude events, where limited bandwidth, source-depth636

trade-offs, and structural complexity can exacerbate solution insta-637

bility (Vavryčuk, 2007; Duputel et al., 2012; Pha.m et al., 2024). By638

systematically comparing Gaussian contamination, structured em-639

pirical contamination, and phase-randomised empirical contamina-640

tion, we aimed to isolate the respective roles of random variance,641
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Figure 7. Bias–sensitivity trade-off for representative constraint strategies under structured empirical contamination for Network 1 (a) and Network 2 (b). Each
point denotes the mean rotation angle across contamination levels and the increase in rotation angle between α = 0 and α = 1 (∆ω) for the ISO-dominant
(ISO), CLVD-like (CLVD), mixed (MIX), and double-couple (DC) source cases under full moment tensor, deviatoric, and double-couple constraints.

systematic bias, and temporal phase coherence in shaping inversion642

outcomes.643

Within this framework, Gaussian contamination defines a644

baseline regime in which inversion degradation is driven primarily645

by random amplitude perturbations. Under these conditions, both646

full-waveform inversion and P–S segmented inversion exhibited647

smooth and approximately monotonic degradation of mechanism648

recovery for the CLVD-like, mixed, and DC source cases. By con-649

trast, the ISO-dominant case remained comparatively stable even at650

high contamination levels. The results presented in Sections 3.1.1–651

3.1.3 indicate that random contamination mainly increases solution652

variance without introducing a clear systematic mechanism rota-653

tion or coherent non-double-couple artefacts. Gaussian-noise tests,654

therefore, provide a useful reference for variance-dominated be-655

haviour, but they are insufficient for assessing systematic bias under656

realistic waveform contamination.657

4.1 Empirical Contamination and Structured Waveform Bias658

In contrast to the Gaussian baseline, empirical contamination pro-659

duced stronger degradation at equivalent contamination levels, par-660

ticularly for the CLVD-like, mixed, and DC source cases. Elevated661

rotation angles and inflated non-double-couple components indi-662

cate that empirical contamination acts as a structured waveform663

perturbation rather than as a random fluctuation. These effects are664

consistent with unmodelled path- and site-dependent propagation665

phenomena, including near-surface scattering, attenuation, and site666

amplification (Gibowicz & Kijko, 1994; Duputel et al., 2012; Pha.m667

et al., 2024).668

Because the empirical contaminant is itself a recorded seis-669

mic event, it should be interpreted as a structured source–path–670

site waveform perturbation rather than as a source-free representa-671

tion of propagation effects alone. This distinction is important: the672

empirical-contamination tests do not isolate pure path effects, but673

instead evaluate how inversion results respond to realistic, phase-674

structured waveform interference that contains source radiation,675

propagation, and site contributions. In mining-induced and other676

shallow seismic environments, such structured waveform distor-677

tions cannot be adequately represented by random-noise models678

alone (Gibowicz & Kijko, 1994; Birnie et al., 2020).679

Phase-randomisation experiments provide the key diagnostic680

for separating amplitude-spectrum effects from preserved temporal681

waveform structure. When the phase structure of empirical con-682

tamination was randomised while its amplitude spectrum was pre-683

served, inversion performance shifted towards the Gaussian base-684

line. The additional degradation under structured empirical con-685

tamination is, therefore, not controlled by the amplitude content686

alone. Previous studies have shown that real-data waveform mis-687

match often reflects modelling and propagation effects rather than688

random uncertainty (Duputel et al., 2012; Pha.m et al., 2024); the689

present results further show that the preserved temporal phase re-690

lationships account for most of the additional moment tensor bias691

in this experiment. Phase randomisation nevertheless modifies sev-692

eral time-domain waveform attributes simultaneously, so the com-693



Figure 8. Real-data depth trade-off illustration for a representative event using (a) full-waveform inversion (FW-I) and (b) P–S segmented inversion (PS-I). The
black curve shows the misfit as a function of tested source depth, and the blue inverted triangle marks the minimum-misfit depth in each inversion. Beachballs
denote the preferred full moment tensor solution obtained at each tested depth, and the numbers above the beachballs indicate the moment magnitude selected
within the search scheme at that depth. The search range of moment magnitude was 1.0 to 1.4 MW . The figure is presented for diagnostic purposes only and
is not used to infer a preferred physical mechanism for the event.

parison should be interpreted as isolating the contribution of pre-694

served phase structure broadly rather than a single travel-time pa-695

rameter. In practical terms, timing and phase misalignment of the696

waveform packets provide the most immediate expression of this697

bias, whereas waveform broadening, amplitude redistribution, and698

late-coda complexity are more complex manifestations of the same699

mismatch.700

701

4.2 Source-Type Dependence and the Apparent Orientation702

Stability of the ISO-Dominant Case703

The ISO-dominant source case exhibited a distinct response to704

waveform contamination compared to the more strongly deviatoric705

cases. Across both Gaussian and structured empirical contamina-706

tion, its mechanism orientation changed little with increasing con-707

tamination. This behaviour is consistent with its predominantly708

isotropic radiation pattern, which has a weak nodal structure and709

is therefore less sensitive to phase- and polarity-dependent pertur-710

bations. However, this apparent orientation stability does not nec-711

essarily imply high-fidelity recovery of moment tensor decomposi-712

tion.713

The near invariability of the source-decomposition error714

across increasing contamination levels (see Figs 3c and 3f for Gaus-715

sian contamination and Figs S2(c) and S2(f) for structured empir-716

ical contamination) indicates that the dominant error for the ISO-717

dominant case is largely independent of contamination amplitude.718

Deviations in recovered decomposition reflect both limited resolu-719

tion of its predominantly isotropic contribution and leakage among720

isotropic, CLVD, and double-couple components. The persistence721

of this error under both Gaussian and structured empirical con-722

tamination suggests a bias floor controlled by limited resolvability723

and parameter trade-offs, including restricted take-off-angle diver-724

sity, bandwidth limitations, and depth or model uncertainty, rather725

than by stochastic variance or contamination strength alone. This726

interpretation is consistent with the known difficulty of resolving727

isotropic and related non-double-couple components for shallow728

sources (Kawakatsu, 1996).729

This behaviour contrasts with the CLVD-like, mixed, and DC730

cases, for which structured empirical contamination perturbs the731

phase and polarity information required to resolve the deviatoric732

radiation pattern, producing contamination-dependent mechanism733

rotation and spurious component inflation. Consequently, the ISO-734

dominant case may appear stable in orientation while still ex-735

hibiting a persistent, largely contamination-insensitive decompo-736

sition bias. This distinction should be considered when interpret-737

ing collapse-like or volume-change sources in shallow, structurally738

complex environments.739

740

4.3 Effect of Station Coverage Under Structured Empirical741

Contamination742

The synthetic tests show that increased station coverage substan-743

tially improves inversion stability under structured empirical con-744

tamination. For the geometries considered here, the 12-station con-745

figuration largely suppresses the additional degradation observed746

under empirical contamination relative to the Gaussian baseline747

across shallow to intermediate depths. This behaviour indicates that748

dense spatial sampling can reduce the impact of station-specific co-749

herent distortions when they are not consistently aligned across the750

network. A similar general conclusion has been reached in mining-751

oriented synthetic studies, where realistic station geometry strongly752

influences inversion performance (Caputa et al., 2021).753



This stabilising effect, however, is not complete. At greater754

depths, full-waveform inversion solutions in the 12-station network755

still exhibit residual empirical-contamination degradation beyond756

the Gaussian baseline, indicating that increased station count alone757

does not fully eliminate systematic bias. This suggests that, where758

depth sensitivity is reduced or coherent propagation effects remain759

sufficiently consistent across stations, spatial redundancy can re-760

duce but not remove the influence of structured waveform mis-761

match.762

In general, these results refine the role of station coverage.763

Denser networks can strongly reduce empirical-contamination-764

induced degradation over much of the tested depth range, but resid-765

ual bias can persist where source depth, station distribution, and co-766

herent waveform structure jointly limit full-waveform consistency.767

768

4.4 Method Dependence and the Role of P–S Segmentation769

Waveform-segmentation strategies derived from the CAP frame-770

work improve tolerance to moderate timing mismatch by allow-771

ing distinct waveform groups to be aligned independently rather772

than forcing the entire seismogram to share a single timing correc-773

tion (Zhao & Helmberger, 1994; Zhu & Helmberger, 1996). This774

principle has been applied in practical focal-mechanism studies of775

small-to-moderate earthquakes. For example, Chang et al. (2019)776

separated P waves on the vertical and radial components from S777

waves on the vertical, radial, and transverse components, allowing778

independent time shifts between the P- and S-wave groups when779

fitting regional body-wave observations.780

The P–S segmented inversion used here follows the same gen-781

eral principle but extends it to full moment tensor analysis of shal-782

low, local mining-induced seismicity. In PS-I, the P- and S-wave783

windows contribute independently to the total misfit and are per-784

mitted separate timing adjustments. This formulation is intended to785

reduce the extent to which differential travel-time and phase mis-786

match between the two wavefields is mapped into mechanism rota-787

tion or artificial source complexity.788

Across the tested network configurations, PS-I generally789

showed a lower sensitivity to structured empirical contamination790

than fully coupled full-waveform inversion, although the improve-791

ment was not uniform across all source depths or geometries. The792

clearest benefit of PS-I occurred where the structured contami-793

nation produced different timing or phase perturbations in the P-794

and S-wave packets. In these cases, FW-I was required to rec-795

oncile incompatible waveform segments simultaneously, whereas796

PS-I could accommodate part of the phase-dependent mismatch797

through independent alignment. This behaviour was particularly798

evident for the deeper FW-I degradation in the compact 6-station799

and 12-station configurations, where P–S segmentation substan-800

tially reduced the residual empirical-contamination effect.801

For the broad 6-station geometry, however, PS-I did not uni-802

formly reduce rotation angles across all depths. Instead, it modified803

the depth-dependent expression of the degradation and produced804

results comparable to FW-I in some configurations. The advantage805

of segmentation should therefore not be interpreted as a universal806

superiority over full-waveform inversion. Rather, its effectiveness807

depends on the degree to which the dominant waveform mismatch808

differs between the P- and S-wave windows.809

The station coverage and waveform segmentation conse-810

quently play complementary roles. While increasing station count811

reduces the influence of station-specific structured distortions812

through spatial redundancy, the P–S segmentation reduces sensi-813

tivity to phase-dependent inconsistency that can remain even when814

network coverage is improved. The present results extend the prac-815

tical CAP precedent illustrated by Chang et al. (2019) by showing,816

through controlled synthetic tests, how independent P- and S-wave817

treatment affects full moment tensor stability under structured em-818

pirical contamination. They also indicate that station- and phase-819

specific timing distortions may represent a practical target for fu-820

ture calibration, although the effectiveness of such corrections must821

be evaluated for each network and propagation setting.822

823

4.5 Depth Dependence of Structured824

Empirical-Contamination Effects825

The depth dependence of structured empirical-contamination ef-826

fects varied systematically with network geometry, indicating that827

inversion stability is controlled by the interaction among source828

depth, station configuration, and a network's ability to decorrelate829

coherent waveform perturbations. At the same time, because the830

empirical contamination for each network was derived from a sin-831

gle recorded event and superimposed on synthetic waveforms over832

the full set of prescribed depths, the detailed depth-dependent pat-833

terns should be interpreted as the response to a fixed empirical con-834

taminant waveform rather than as a universal function of source835

depth alone.836

Within that framework, the broad and compact 6-station837

networks exhibit contrasting depth-dependent responses. In the838

broad geometry, the strongest degradation is concentrated at shal-839

low to intermediate depths, whereas in the compact geometry,840

full-waveform degradation becomes more pronounced at greater841

depths. The 12-station configuration suppresses much of this depth-842

dependent instability, but residual degradation persists at the deep-843

est tested depths, especially in fully coupled full-waveform inver-844

sion. P–S segmentation reduces this residual deep-seated degrada-845

tion, indicating that wavefield-dependent phase inconsistency re-846

mains important even with improved station coverage.847

Together, these results indicate that the observed depth depen-848

dence reflects the combined influence of station geometry, source849

depth, wavefield-dependent propagation effects, and the specific850

empirical contaminant used for each network. The principal con-851

clusion is therefore not that structured empirical contamination pro-852

duces a universal depth of maximum degradation, but that it intro-853

duces depth-variable bias, the detailed expression of which depends854

on the interaction between network geometry and the contaminant855

waveform.856

4.6 Sensitivity to Moment Tensor Constraint Strategy857

The constraint analysis provides a complementary perspective on858

how inversion choices redistribute error between persistent mecha-859

nism bias and sensitivity to increasing structured empirical contam-860

ination. Because the empirical-contamination tests were based on a861

single representative realisation for each network, the comparison862

is best interpreted through the two quantities shown in Fig. 7: the863

mean rotation angle across contamination levels, used as a proxy864

for persistent mechanism bias, and the increase in rotation angle,865

∆ω, from α = 0 to α = 1, used as a measure of contamination866

sensitivity.867

When the imposed constraint is compatible with the pre-868

scribed source case, restricting the model space can reduce the in-869



crease in rotation angle with contamination level while maintaining870

a relatively low mean misorientation. In such cases, the constraint871

helps limit the response to increasing contamination without intro-872

ducing substantial additional bias. By contrast, when the imposed873

constraint is inconsistent with the true mechanism, the inversion874

can become less responsive to contamination growth while remain-875

ing systematically shifted away from the true solution. Such cases876

produce solutions that are contamination-insensitive but biased in877

an absolute sense.878

The practical implication is that a low contamination sensi-879

tivity does not necessarily indicate a reliable inversion when the880

corresponding mean rotation angle is large. More restrictive inver-881

sions can therefore appear more robust without actually improving882

mechanism recovery. Constraint strategies do not eliminate struc-883

tured empirical effects; instead, they redistribute their expression884

between persistent mechanism bias and sensitivity to increasing885

contamination. Constraint choice should therefore be interpreted886

cautiously in shallow, structurally complex environments where co-887

herent waveform perturbations are expected to influence moment888

tensor inversion.889

4.7 Real-Data Illustration and Diagnostic Consistency890

The real-data example is best interpreted as a practical extension of891

synthetic diagnostics. In the synthetic tests, source depth was pre-892

scribed, and the results showed that the inversion bias and degrada-893

tion varied systematically with depth, method, and contamination894

type. In the real-data case, depth is itself uncertain, so this sensi-895

tivity appears as a depth trade-off: different tested depths can yield896

comparably acceptable fits, and the inferred mechanism depends897

on the inversion strategy.898

Within this framework, the contrast between full-waveform899

inversion and P–S segmented inversion is informative. Both meth-900

ods favour a similar shallow depth range for the representative901

event. Still, full-waveform inversion shows stronger mechanism902

variability as depth increases, whereas P–S segmented inversion903

preserves a more coherent mechanism family across the same in-904

terval. This behaviour is consistent with the synthetic results, which905

indicate that inversion performance is strongly depth- and method-906

dependent under realistic perturbations.907

The field example is therefore not used to infer a pre-908

ferred physical mechanism, but to show that the type of non-909

uniqueness diagnosed synthetically is relevant in practice. Under910

sparse-network, shallow-source conditions, full moment tensor in-911

version outcomes remain sensitive to both inversion strategy and912

unresolved depth uncertainty.913

914

4.8 Implications for Synthetic Thresholds, Calibration and915

Network Design916

Previous studies have shown that performance thresholds derived917

from synthetic tests under idealised assumptions should not be918

transferred directly to real data, where realistic waveform contam-919

ination can generate behaviour that is not reproduced by Gaussian-920

noise benchmarks (Birnie et al., 2020). The present results rein-921

force this point and suggest that Gaussian-based thresholds are best922

treated as relative stability references, useful for comparing inver-923

sion strategies, network geometries, and processing choices, rather924

than as fixed quantitative criteria for screening real events.925

The close correspondence observed here between Gaussian926

contamination and phase-randomised empirical contamination in-927

dicates that perturbations without preserved empirical phase struc-928

ture mainly produce variance-dominated behaviour. By contrast,929

structured empirical contamination resembles correlated source–930

path–site waveform mismatch. This interpretation is consistent931

with studies showing that structural and path-related uncertainty932

contributes a theory-error component to waveform misfit and can933

materially affect moment tensor inference (Duputel et al., 2012;934

Pha.m et al., 2024). Improving inversion performance under realis-935

tic conditions, therefore, requires addressing structured waveform936

bias rather than simply increasing signal-to-noise ratio, because937

denser station coverage and methodological adjustments may re-938

duce, but not necessarily eliminate systematic effects.939

Within this context, the empirical-contamination strategy940

should be viewed as a diagnostic representation of structured941

source–path–site waveform contamination rather than as a direct942

model of pure path effects. The additive empirical perturbation su-943

perimposes an external structured wavefield on the primary sig-944

nal, emulating coherent interference and correlated waveform mis-945

match that may be encountered in mining settings. It does not mod-946

ify the Earth’s transfer function; instead, it competes with the target947

source signal in a way that the inversion may misinterpret as source948

complexity. The approach therefore complements Gaussian-noise949

tests by evaluating sensitivity to structured waveform contamina-950

tion.951

Although the present study is framed around the Jacobina952

mining district, the synthetic framework is not, in principle, site-953

specific. By replacing the local velocity model, candidate station954

geometries, source-depth range, expected source mechanisms, and955

representative empirical contamination waveforms, the same work-956

flow can be adapted to other local seismicity settings. In particu-957

lar, the comparison between the two real 6-station layouts and the958

idealised 12-station configuration illustrates how such tests can be959

used as a pre-deployment diagnostic tool for evaluating candidate960

network geometries. This use should be understood as a stability-961

screening exercise rather than as a substitute for site-specific cali-962

bration with real data.963

These results motivate future calibration strategies that target964

structured waveform mismatch directly. Possible approaches in-965

clude empirical Green’s functions, which incorporate propagation966

effects through convolution (Hartzell, 1978; Mueller, 1985), and967

simpler station- and phase-specific timing corrections applied to P-968

and S-wave packets. Testing such corrections lies beyond the scope969

of this diagnostic study, but the present results identify the type of970

mismatch that future calibration strategies should address.971

5 CONCLUSIONS972

This study provides a diagnostic evaluation of moment tensor in-973

version stability under increasingly realistic contamination regimes974

in shallow mining-induced seismic settings. The results show that975

inversion degradation is controlled not only by the amplitude of976

the contaminant waveforms, but also by their temporal phase struc-977

ture. Gaussian and phase-randomised perturbations produce mainly978

variance-dominated behaviour, whereas structured empirical con-979

tamination introduces systematic mechanism bias, can inflate spuri-980

ous non-double-couple components, and weakens the transferabil-981

ity of synthetic stability thresholds to real-data applications.982

The tests also show that the expression of this bias depends983

on prescribed source case, station geometry, and inversion strategy.984

Because structured empirical contamination was represented by a985



single recorded event per network, the detailed depth-dependent986

degradation patterns should be interpreted as contaminant-specific987

rather than as universal functions of source depth. The ISO-988

dominant case remains comparatively stable in orientation but989

exhibits persistent decomposition bias, whereas the CLVD-like,990

mixed, and DC cases are more strongly affected by mechanism991

rotation and spurious component inflation. Denser station cover-992

age reduces the amplitude and depth dependence of empirical-993

contamination errors, although residual bias can persist at greater994

depths, suggesting that station coverage alone does not fully elim-995

inate the influence of structured waveform mismatch under the996

tested configurations. P–S segmented inversion generally reduces997

sensitivity to structured empirical contamination, with the clearest998

benefit where differential perturbations of P- and S-wave packets999

affect fully coupled waveform alignment.1000

The constraint analysis further shows that apparent robustness1001

does not necessarily imply reliable mechanism recovery. Incom-1002

patible moment tensor constraints can produce solutions that are1003

relatively insensitive to increasing contamination while remaining1004

systematically biased. This bias–sensitivity trade-off indicates that1005

constraint choice should be interpreted cautiously in shallow, struc-1006

turally complex environments where structured waveform pertur-1007

bations are expected to affect moment tensor inversion.1008

Taken together, these findings indicate that Gaussian-noise1009

thresholds should be used primarily as comparative stability refer-1010

ences rather than as fixed screening criteria for real events. They1011

also motivate calibration strategies that explicitly address struc-1012

tured waveform bias, including empirical Green’s function ap-1013

proaches or simpler station- and phase-specific timing corrections.1014

More generally, the synthetic workflow developed here can be1015

adapted to other shallow seismicity settings as a pre-deployment1016

diagnostic tool for comparing candidate network geometries, pro-1017

vided that local velocity structure, source-depth ranges, expected1018

source mechanisms, and representative empirical contamination1019

are incorporated.1020
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