Texas Consortium for
Computational Seismology

Welcome to the 32nd
TCCS Newsletter!

The Texas Consortium for
Computational Seismology is
a joint initiative of the Bureau
of Economic Geology (BEG)
and the Oden Institute for
Computational Engineering
and Science at The University
of Texas at Austin. Its mission
is to address the most critical
and challenging research
problems in computational
geophysics as experienced
by the energy industry while
educating the next generation
of research geophysicists and
computational scientists.

Fall Meeting

The Fall 2026 Research Meeting
of the Texas Consortium for
Computational Seismology

will take place in Austin on
October 29-30. Hosted by

the Bureau of Economic
Geology, it will be held at the
University of Texas at Austin,
J.J. Pickle Research campus.

Representatives of participating
companies are invited to
register for the meeting

by following the link at
https://tccs.beg.utexas.edu/.
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Research Highlights |

Raw (9.9 Hz) * V=0iidentical phases, 1: highly dispersed phases Processed (9.9 Hz)

Akshika Rohatgi proposes quantifying and reducing

phase variability in seismic data, with an emphasis on

understanding how near-surface scattering and acquisition

geometry introduce phase perturbations and reduce

seismic coherence. She uses circular phase statistics to
characterize the distribution and variability of seismic phase within local
neighborhoods and to develop phase variance as a quantitative seismic
quality-control attribute. As illustrated here, different acquisition
configurations exhibit varying levels of phase variability, and different
processing techniques can substantially improve phase coherence. This
framework provides a way not only to evaluate seismic data quality but e
also to measure processing effectiveness and to understand the impact
of acquisition design and near-surface effects on seismic phase.
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Sujith Swaminadhan is developing GeoFWI3D, a benchmark = tayerea
dataset of structurally diverse 3D velocity models to
advance deep-learning-assisted full-waveform inversion
(FWI). The project examines practical challenges in 3D FWI,
including computational cost, cycle skipping, sensitivity Fault
to initial models, and convergence to local minima. Using geologically
plausible models, Sujith has evaluated optimization algorithms,
objective functions, and computational trade-offs that influence
inversion quality. GeoFWI3D will support research on machine-learning sait
methods for model initialization, surrogate modeling, and direct velocity
estimation. The goal is to enable reproducible evaluation of hybrid
workflows that combine data-driven predictions with physics-based
refinement in realistic, complex geological settings. Fault+salt

Anna Titova has been developing a broadband, multi-
aperture Scholte-wave imaging workflow that integrates
passive seismic and ocean-wave phenomena from raw

DAS records to estimate the shear-wave velocity of shallow-
water marine sediments. The workflow yields a pseudo-2D
shear-wave velocity model extending horizontally from the
shore to 51 km offshore across the Texas shelf and vertically from near
the seafloor to approximately 2 km depth. The model shows broad,
shallow, low-velocity anomalies consistent with softer incised-valley

fill within stiffer Pleistocene deposits. Anna’s ongoing work focuses on o1
monitoring marine sediment properties using passive seismic attributes |
extracted from ambient noise via amplitude-preserving processing.

“'0.01TH. i i
‘ i DAS Amplitude Response to Sea State Changes

Qing Ji is developing ambient-noise interferometry workflow
for Distris developing an ambient-noise interferometry
workflow for Distributed Acoustic Sensing (DAS) data

to monitor changes in seismic wave speed over time.
Interferometry extracts coherent wave signals from continuous
ambient noise to produce virtual-source gathers suitable for inversion.

In addition to seismic Scholte waves, the persistent imprints of ocean waves
recorded by the seabed fiber cable deployed along the shallow-water

Gulf Coast also enable retrieval of virtual-source gathers of ocean waves.
During the recording period, a coastal low-pressure system (“storm”)
induced a sudden drop in seismic wave speed (dv/v), as observed

through phase changes in time-lapse gathers. The estimated dv/v aligns | ‘ | | Mk | !
with increased ocean wave heights and water levels, prompting further oo me mmEm e e
investigation into coupling between shallow water and seabed sediments.

Ocean wave interferometry
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Papers Accepted and Published 2025 -2026 I

https://tccs.beg.utexas.edu/publications
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TCCS-CODES is Growing |

The TCCS-CODES repository is growing into an open-source hub for computational seismology, connecting
research innovations with reproducible and reusable software. Recent development has expanded beyond our
existing seismic processing and machine-learning tools, with more packages for full-waveform inversion (FWI)
and advanced seismic imaging being added. We are also developing an offshore fiber/DAS processing toolkit,
with an open-source release planned after further testing and documentation. Looking ahead, we plan to
progressively release open-source versions of selected tools developed through our private research projects,
making mature methods more accessible to the broader geophysics community. Some of the latest additions
include SeismicInterpretation and DataAnalysis (Julia notebooks from Sergey Fomel's courses), Rohatgi-etal-

(Julia notebooks for
Akshika Rohatgi's

b -

4 FWI & Inversion

reproducible
Seismic Processing
papers), Deblend_ @) & Imaging

selfsim (Ray Abma'’s

deblendi ng tools), Wavefield processing, imaging, O Growing collection of full-waveform
FC-DDPM (TquIope and modeling utilities inversion and imaging tools
Agbaje’s Fault- TCCS-CODES

Conditioned A Offshore Fiber / s B F\) Al/MLfor )
Denoising Diffusion 7] DAS Processing — U/ Seismology
PrOba bIIIStIC Toolkit for submarine fiber Data-driven methods and
MOdE|S), DM'FWI, and DAS data (pending release) workflows for seismic data
DL-AWI, and

DLM-FWI (Chao Li's LATEST UPDATES & WHAT'S NEXT

FWI codes), and More FWI Packages ™ Offshore Fiber Processing 7\ Open-Sourcing Private Work
SG DS-FWI . New tools and examples for & {Pending) [\ \‘ We will progressively release
(YI ran Shen’s Spllt FWI and imaging are being DAS/submarine fiber processing N ’/f open-source versions of selected
Gibbs Diffusion added regularly. toolkit in development; open-source a tools from our private research.

release coming soon.

Scheme for FWI).
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TCCS Staff I

The TCCS team
includes researchers
and students from
eight countries, led
by four principal
investigators and
supported by

Raymond Abma (Visiting Scientist)
Roy Burnstad (Visiting Scientist)
Tolulope Agbaije (Ph.D. 4th year)
Andrey Bakulin (P])

Yangkang Chen (PI)

Bjérn Engquist (PI)

Sergey Fomel (P])

Qing Ji (Post-doc)
Chao Li (Post-doc)

Shirley Mensah (Ph.D. 4th year)

Moses Falowo (Ph.D. 1st year)

Odai Hezam (M.S. 2nd year)

Akshika Rohatgi (Ph.D. 4th year)
Yiran Shen (Post-doc)

Sujith Swaminadhan (Ph.D. 4th year)

Anna Titova (Post-doc)

research scientists.

TCCS group members g
e
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TCCS Sponsors l

For more information, see https://tccs.beg.utexas.edu/staff

TCCS appreciates the support of its 2026 sponsors: Aramco, BP, Chevron, Diamondback Energy, ExxonMobil,

Oxy, Shell, and TGS.

Diffusion-Guided ASVGD-FW”

Chao Li has been working on a diffusion-regularized annealed Stein variational gradient descent (ASVGD) framework
for Bayesian full waveform inversion. ASVGD uses an ensemble of velocity models to estimate both the subsurface

structure and posterior
uncertainty, but conventional
handcrafted priors often fail

to represent complex geology.
Our method uses a pretrained
diffusion model as an implicit
geological regularizer that
guides particles toward
plausible velocity models while
preserving data consistency
and ensemble diversity.
Numerical results show
improved inversion stability,
fewer nonphysical artifacts,
more realistic mean models,
and better-focused uncertainty
estimates in complex or poorly
constrained regions.

Classic ASYGD FWI
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