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Executive Summary

A primary goal of the UIUC Volcano Lab is to develop innovative strategies for
combining volcano-monitoring data sets with thermomechanical finite element
models in order to assess hazards at volcanoes experiencing unrest. The purpose of
our Exploratory Allocation on Blue Waters is to develop and test a framework for
multi-data stream data assimilation by conducting a series of eruption “hind casts”
for recent hazardous eruptions at Sinabung Volcano in Indonesia. Blue Waters is
uniquely capable of handling the computational expense for our ensemble-based
approach, which has compute times and storage requires considerably outside the
capabilities of traditional HPC resources. Ultimately, this work will provide a critical
foundation for future interdisciplinary efforts to model volcano evolution and
mitigate volcano disasters worldwide.

Description of research activities and results

Key Challenges and Why Blue Waters

The Ensemble Kalman Filter (EnKF) is an ensemble based sequential data
assimilation method that requires calculating hundreds to thousands of finite
element models at each time step. While the EnKF analysis step has been optimized
to run very swiftly, the computational expense of running and storing hundred to
thousands of finite element models for each time step in the EnKF analysis is cost
prohibitive for even the large EXEDE clusters. Blue Waters is uniquely positioned to
handle our computational needs and has allowed our group to make rapid progress
and think ambitiously without being hampered by computational limitations. Our
exploratory allocation is paving the way for developing large-scale data assimilation
strategies to aid volcano-monitoring agencies worldwide.

The key challenge for this exploratory allocation was determining how to adapt our
workflow for High Performance Computing (HPC). Our ensemble-based approach
creates bottlenecks during the distribution of our multiphysics models and in
exporting model outputs from hundreds to thousands of models.



Our goal was to utilize the power of Blue Waters to overcome two major obstacles:

(1) The computational cost of our multiphysics FEMs. Each 3D FEM requires several
minutes of run time on a single core. In our Monte Carlo ensemble approach,
thousand of FEMs can be run simultaneously. This level of computation is cost-
prohibitive on local clusters, and as our FEMs routinely can take up to 1 TB of online
storage, we were unable to implement our approach on EXEDE.

(2) Optimizing handling of big geodata. Satellites collect observations of volcanic
unrest at the meter scale resulting in data matrixes on the order of TMx1M. Our
current workflow requires us to vastly under sample these observations, which may
result in “throwing out” critical information.

Why it Matters

A primary motivation for investigating volcanic systems is developing the ability to
predict eruptions and mitigate disaster for vulnerable populations. In the past
decades, the evaluation of volcanic activity has been greatly enhanced by coupling
remote (e.g., satellite geodetic and global seismic arrays) and local observations (e.g.,
GPS, tiltmeters, gas emissions, campaign gravity, and seismometers) to provide
early warning of immanent eruption or the evolution of a magma system during a
volcano crisis. Concurrently, thermomechanical models of magma reservoirs have
significantly advanced our understanding of eruption-triggering mechanisms
beyond the temporal and spatial limitations of our observations (Grosfils, 2007;
Gerbault et al., 2012; Gregg et al., 2012; Gregg et al., 2013; Grosfils et al., 2015). This
new generation of models has pushed the field beyond the classic analytical
approaches by providing new insights into the mechanics of magma chamber
growth and failure.

Volcano monitoring datasets are commonly analyzed using analytical inversions
techniques or by optimizing finite element models (Battaglia and Hill, 2009; Parks et
al., 2012; Hickey et al., 2015). While these approaches work well for combining
models with one or potentially two data streams, they are static assessments of the
system state and do not provide updates or forecasts. Alternatively, statistical data
assimilation methods systematically link data with models to provide model updates.
Significant advancements have been made in hydrologic, physical oceanography,
and climate modeling to incorporate disparate datasets into dynamic, nonlinear
models and provide model forecast (Evensen, 2009; Williams et al., 2009; Wilson et
al., 2014; Wilson and Hay, 2015). Sequential data assimilation methods provide a
framework for integrating large disparate data sets into time forward, forecast
models. Data are used to nudge the model trajectory and provide updates of the
system’s evolution and the models inform future data targets and strategies.



Our current efforts on Blue Waters are focused on developing strategies for rapid
assimilation of monitoring data sets into evolving geodynamic models to provide
near real-time forecasts and assessment of volcanic unrest. To that end, we are
adapting data assimilation strategies developed in other fields to combine
observations of volcanoes experiencing unrest with thermomechanical finite
element models to calculate volcano evolution (Gregg and Pettijohn, 2016; Zhan and
Gregg, 2017).

Accomplishments

The most ciritical accomplishment in this year-long investigation was determining
that the Kray architecture is not well suited for our FEM approach. The software we
are utilizing: COMSOL Multiphysics, does not parallelize appropriately when
implemented on a Kray system. We worked closely with the COMSOL tech support
and Blue Waters to find strategies to work around this issue, and were able to
create a brute-force approach to run the FEMs, but our efforts on Blue Waters
illustrated several bottlenecks in our workflow that must be addressed to take
advantage of HPC resources.

The initial tests of implementation on Blue Waters are key for providing critical
information to devise strategies for adapting our approach for HPC. As such, the
primary outcome was providing necessary testing in a targeted and efficient manner.
The benchmarking and test results allowed us to move our approach forward and
develop new strategies. Our outcomes were folded into a NSF OCE proposal, which
was selected for funding, as well as an NCSA Fellowship proposal that was selected
for funding. Over the next year will be working with Prof. Shoawen Wang and NCSA
CyberGlIS to take advantage of the unique architecture of the new ROGER
(Resourcing Open Geospatial Education and Research) cluster to implement our
approach and develop new workflow strategies directly resulting from our efforts
on Blue Waters. Without the very helpful and efficient testing on Blue Waters, we
would have not been able to make such swift progress.

Next Generation Work

Over the next 2 years we will continue to work closely with NCSA to develop
strategies for utilizing HPC in volcano hazards. The UIUC Volcano Lab currently has 4
PhD students and 1 Postdoc working to implement data assimilation strategies to
better understand volcanic systems. We have several papers in submission and
preparation phases as well as proposals submitted to NSF. While, ultimately the
Kray architecture of Blue Waters was the ultimate roadblock for implementing our
approach, we are looking for new methods including coding up basic open-source
multiphysics implementations in Python to avoid commercial software. Our long-



term goals are to establish a partnership with the NCSA that will be further
enhanced through immediate proposals to NSF and future proposals to NASA. We
hope to position the University of lllinois as leaders in volcano data assimilation.
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