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Focal Areas: Our paradigm-shifting framework will apply machine learning and perform physi-
cal analysis of contemporary volcanoes to develop sound forecasts of extreme eruptions in the 
21st century and their abrupt drying and cooling impacts on the warming climate.  We will also 
bridge climate data driven regression models and earth system model output to trace teleconnec-
tions that exacerbate regional impacts such as Arctic amplification and western US droughts. 
The Science Challenge: Despite extreme and abrupt impacts of volcanoes that cool the globe by 
0.5-3 °C for months to years over the past 2 centuries (Tambura, Krakatoa, Mt. Pinatubo) and by 
5°C 73,000 years ago (Mt. Toba, 100-1000 times faster than GHG warming rates) they are ig-
nored in IPCC future climate assessments. Extensive characterization of Pinatubo’s climate ef-
fects shows complex regional impacts via teleconnections and couplings to natural modes by two 
way stratosphere-troposphere wave interactions.1a,b  We are poised to capturing volcanic effects 
in 21st IPCC climate scenarios and fill a fundamental gap in predicting how couplings between 
human and natural forcing will affect future climate.  
Rationale: Our planet has experienced 2 massive, low-latitude volcanoes in each of the 19th  and 
20th centuries that injected huge amounts of sulfur dioxide (SO2) into the stratosphere.  The en-
hanced sulfate aerosol layer reflected more sunlight to cause global shading, cooling and drying 
for several years and thus altering weather, vegetation and food production. These global climate 
effects are very well documented and exceeded those from natural internal variability. Anticipat-
ing and predicting the effects of extreme volcanic activity in the  21st century remains an un-
addressed grand challenge. Combining machine learning methods with physical and probabilistic 
analysis provides a route for filling this gap, by building on the characteristics of past eruptions 
and their impacts on climate. Overarching questions that our white paper will answer include: 

1. What is the probable extreme volcanic forcing in the 21st century? 
2. What are the climate effects of this forcing for increasing GHG scenarios? 
3. What are the water cycle impacts in sensitive and vulnerable regions such as the Arctic 

and western US? 
4. How will future volcanic cooling and drying interact with growing GHG forcing and in-

ternal variability of our climate system? 
Forecast Future Volcanoes: In order to forecast volcanoes, we will exploit machine learning 
methods using extensive records of past eruptions including their latitude, longitude, and the 
composition and lofting height of injected stratospheric mass.  Since global volcanic activity is 
well mapped and monitored in real time from ground and space, we have a solid deterministic 
framework to build on that can be used to update our forecasts continuously. Low-latitude volca-
noes that have longer, global impacts while higher latitude volcanoes (e.g., Iceland) have larger, 
shorter-term impacts in the Arctic; exploring the two types would provide broader insight into 
the climate-relevant coupling mechanisms. The volcanic eruption size probability function as a 
function of geology will be constructed by training neural networks on the wealth of archived 
eruption data. Variables such as magmatic activity, local geology, ground motion and gas sput-
tering that are used to predict volcanoes in the short term will be used as explanatory variables. 
This short term deterministic framework will then be scaled to decadal scale eruption forecasting 
and stratospheric mass injection. We will develop a reliable spatiotemporally resolved global 
volcanic stratospheric mass source function for use in future IPCC climate assessments. Shorter-
term forecasts will be updated using real-time data from volcanic monitoring systems.2  
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We will build on current work de-
veloping semi-empirical Strato-
spheric Sulfate Aerosol Forcing 
(SSAF) emulators, which use con-
straints from ice cores on the tim-
ing and mass of sulfur injected by 
past eruptions or scenarios of fu-
ture eruptions (Fig. 1).3 These 
SSAF emulators resolve the lati-
tude, longitude, altitude, magni-
tude, aerosol optical depth, size-
distributions, lifetime and radiative 
forcing of the volcanic SO2 injec-
tions. These emulators match the 
1979–1998 period characterized by 
the large and high‐altitude tropical 
SO2 injections of El Chichón 
(1982) and Mount Pinatubo (1991). 

They also reproduce the 1998–2015 period characterized by smaller eruptions with a large vari-
ety of injection latitudes and heights. SAF emulator results compare well with the detailed recon-
structions in CMIP6 for tropical high latitude warmings with extreme impacts (Tambora,1815), 
but high‐latitude or low‐altitude injections are significantly lower (Eldgja, 939). Therefore, 
CMIP6’s last millennium experiments overestimate high-latitude volcanoes with shorter forcing 
periods, which impact polar regions.3 The extinction time series from NASA’s Global Space‐
based Stratospheric Aerosol Climatology4 together with DOE’s ARM sites (fixed and mobile) 
for the 1979 to 2016 period and published volcanic emissions data (date, location, mass of SO2, 
and injection altitude)5, multilinear regressions between the extinction and simple 8-box model 
derived time series can be used to develop and train functions via physically sound shape ap-
proximations and scaling laws. Aerosol properties such as effective particle size and optical pa-
rameters can also be approximated as a mean size and scattering with a log-normal distributions, 
and matched to data. A novel element of this work will be the examination of globally distrib-
uted volcanic activity, past and present, which will be used to characterize and forecast pdfs of 
future eruptions, particularly extreme ones. Until Pinatubo, predictions assumed the amount of 
volcanic gas release was governed by the volume of magma erupted and the gas saturation levels 
the within the magma. Pinatubo (Fig. 2) demonstrated that sulfur gas emissions were much 

greater than expected by 
post-analysis of lava crys-
tals.1 In fact, a whopping 17 
megatons of SO2 was re-
leased, showing that that 
magmas can hold excess 
SO2. This implied that large 
amounts of gas accumulate 
as bubbles in the magma 
chamber (Fig 3), which re-
sults in a huge mass lofted 

 
Figure 1. Global mean SAOD anomalies (left) 1815 Tambura erup-
tion (60 Tg SO2, 0°N, 24 km asl April); (right) 939 Eldgjá (32 Tg of 
SO2, 63.6°N, 12.5 km a.s.l, April). The orange and red respectively 
show emulator reconstructions and shading show 95% confidence 
(EVA, EVA-H)/ The others are process based global models that 
don’t agree due to different treatments.3 

      
Figure 2. A picture of Pinatubo eruption (left) and model of Pinatubo’s magma 
evolution with SO2 gas accumulation in the magma.1 
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high into the stratosphere. Our data driven model will incorporate this mechanism to predict ex-
treme volcanic eruptions,1 and application of exponentially growing data sets will provide more 
robust forecasts of Pinatubo-, Krakatoa- and Tambura-like events. 
Elucidating Volcanic Teleconnection and Feedbacks: The extreme El Chichon and Pinatubo 
eruptions caused significant global cooling, drying and forest CO2 uptake for a few years, under-
scoring the urgency to include them in assessments. The regional effects were more complex and 
much larger, including amplified, prompt Arctic cooling followed by a delayed warming due to 
aerosol-cloud interactions and/or interactions with natural variability.6a,b   The framework we 
outline in this white paper enables a complementary focus on rapid volcanic impacts on regional 
temperatures, hydrology and the carbon cycle, particularly in the warming Arctic and the drying 
western US. While the effects are large and propagate via global teleconnections, the mecha-
nisms are complex and not well understood.  Furthermore, volcanic effects interact with natural 
internal modes of variability and GHG forcing via solar energy reductions and stratosphere-trop-
osphere couplings that can amplify or damp the climate impacts on decadal timescales. 
Simulations show that extreme, Tambura-like volcanoes can shift the Inter Tropical Convergence 
Zone (ITCZ) to promote the El Niño–Southern Oscillation (ENSO), a strong internal mode.7 In 
fact, NH eruptions are shown to robustly cause El Niño-like anomalies about 6 months later, 
consistent with proxy-based and Pinatubo like reconstructions.8-9 Is this coupling going to be 
stronger in the future as anthropo-
genic climate warming exceeds natu-
ral variations due to natural internal 
modes? Can future extreme volca-
noes in a warmer world alter these 
internal modes and lead to abrupt 
large and rapid in cooling and warm-
ing as well as wetting and drying? 
Answers to these questions are con-
sequential for adaptation and re-
sponse, yet remain unexplored. 
We have used empirical regression 
analysis of climate records to disentangle the volcanic and internal mode effects, and others have 
used more extensive climate modeling to diagnose teleconnections from simulations.6a,b We pro-
pose to bridge this divide by using explainable or interpretable AI to combine statistical descrip-
tions of past volcanic impacts with climate model simulations. Recently, neural network ap-
proaches called backward optimization and layer-wise relevance propagation, both of which pro-
ject the decision pathways of a network back onto the original input dimensions, were used to 
elucidate atmospheric and ocean circulation changes, constructed using explainable AI on model 
output.10 This AI interpretation technique has been applied successfully to interpret the El Nino 
phase (Fig 3), and can be used to infer meaningful trace teleconnections within the extensive cli-
mate spatiotemporal patterns following the large Pinatubo and El Chichon eruptions. In particu-
lar, we will focus on quantifying and interpreting the regional variations in the global drying af-
ter large volcanoes. Large regional drying by teleconnections and cloud feedbacks can occur in 
the Arctic. LANL and DOE labs house unique expertise in climate modeling, regression analysis, 
volcanic predictions and AI, which will all be integrated to craft a paradigm changing framework 
to fill this critical gap in anticipating 21st century extreme climate impacts from volcanoes. 

 
Figure 3. Neural network design for ENSO phase identification.10 
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