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Focal Area: Advanced methods to glean insights from complex data (Focal Area 3). 
Science Challenge: Fusing and interpreting the vast amount of data from disjoint sources for the 
purpose of elevating our understanding of aerosol-cloud interaction presents an enormous challenge and 
opportunity and is necessary to improve uncertainty quantification and predictions, especially for 
extreme events. 
 
Rationale: 

 Aerosols perturb the atmosphere and climate both directly and indirectly.  Indirectly, they 
cause changes in cloud properties, including cloud formation, cloud lifetime, and cloud radiative 
properties (Twomey, 1974 and Albrecht, 1989). Directly, aerosols can impact the frequency and 
intensity of water cycle-related extreme events, such as drought and flooding (Reed et al., 2019; 
Sillmann et al., 2019). Research linking observed aerosol-cloud-precipitation processes with numerical 
modeling has experienced much improvement in the treatment of ice nucleation, warm rain processes, 
secondary-organic aerosol formation, and convection (Fan et al., 2018; Zhao et al 2019, Mülmenstädt et 
al. 2020, Quaas et al. 2020).  However, our knowledge on how aerosols mix with clouds, and thus on 
how aerosols impact the water-cycle, is still limited. Large uncertainties in these processes remain 
due to both difficulties in measuring a mixed, non-idealized atmosphere, due to asynchronous 
model-observation linkages, and missing or incomplete parameterizations linking aerosol-cloud 
interactions. This knowledge gap has led to large uncertainties in climate predictions, e.g. 20-year 
extreme precipitation predictions of the tropics and subtropics (Kharin et al., 2013). “How are cloud 
processes affected by changes in anthropogenic aerosol production and how do these fluctuations 
translate to extreme precipitation events?” are nontrivial and transformational science questions 
that could greatly benefit from improved understanding and modeling of complex aerosol-cloud-
precipitation interactions. Such improvements would necessarily reduce uncertainty in these 
predictions, leading to fewer model discrepancies, more confident predictions of extreme events 
(e.g. floods and droughts) and more informed decision making on climate policy. 

Aerosol effects on cloud processes are dynamic, multi-faceted, and interdependent, resulting in 
some of the largest uncertainties in climate models (IPCC, 2013). Expected effects of aerosol emissions 
on cloud systems include changes in cloud condensation nuclei, liquid water content, precipitation and 
albedo, to name a few (Durkee et al., 2018 and Possner et al., 2018). High frequency and high-resolution 
data collection and monitoring further challenges the study of these complex relationships. These rich 
data, which include in situ, ground-based, and space-based measurements, as well as data from multi-
resolution numerical simulations, need to be integrated to improve our understanding of aerosol 
processes within clouds. While a wealth of high-resolution measurements has been collected with the 
objective of monitoring aerosol and cloud processes, especially by BER Atmospheric Radiation 
Measurement (ARM) facilities, NASA and NOAA field campaigns, and satellite observations, these 
data have been historically underutilized to improve our knowledge of the earth system. For example, in 
the weather forecasting community, only 3-5% of the vast amount of satellite data are used in numerical 
forecasts due in large part to the complexity of the science. This complexity presents significant 
“challenges to properly interpret and exploit the most interesting and potentially most valuable satellite 
data” (Boukabara, 2019).  Recent and continuing advances in satellite observational capabilities have 

DOI: https://doi.org/10.2172/1769729
DOE BER, AI4ESP 2021 #AI4ESP1120 (https://www.ai4esp.org)



Shand et al.  February 12, 2021 

 2 

yielded higher resolution data with more global coverage (e.g., 500 meters every 5-15 minutes from the 
geostationary GOES-17 satellite and 250 meters from near-polar orbiting MODIS). Linking these data 
sets with ground-based atmospheric radiation measurements such as those provided by the DOE’s ARM 
program is of specific relevance to cloud-aerosol processes. Fusing the vast amount of data from disjoint 
sources for the purpose of elevating our understanding of aerosol-cloud interactions across space and 
time presents both an enormous challenge and great opportunity for improving climate predictions and 
uncertainty quantification, especially for extreme precipitation events. 
 
Narrative:  Leveraging Artificial Intelligence (AI) 

We wish to leverage recent advances in computing and analytical techniques to develop tools 
that can fully fuse and interpret data of varying sources, resolutions, and fidelities. The aforementioned 
abundance of data provides an excellent opportunity for researchers, but much work needs to be done to 
assimilate data into digestible forms for statistical and machine learning (ML) algorithms (Maskey et al., 
2020). Cutting-edge analytical methods, including both statistical and ML techniques, have been 
recently developed to study complex environmental processes but have yet to be applied in practice (e.g. 
McDermott and Wikle, 2020 and references therein). Such methods are capable of spanning the 
continuum from observation to predictive modeling and are ideal for fusing and interpreting convoluted 
data collected globally, and thus for filling knowledge gaps related to aerosol-cloud-precipitation 
processes. ML techniques can integrate new knowledge with existing modeling efforts to reduce 
uncertainties and radically improve the predictive capabilities of earth system models (ESMs).  
However, noteworthy methodological and computational challenges remain and limit significant 
improvements in the prediction and uncertainty quantification for ESMs. These challenges include 
fusing large datasets and sources with complex dependencies, and accounting for spatial and temporal 
misalignment and varying measurement error. 

Statistical and ML methods are generally unconstrained by physical understanding (e.g., 
Reichstein et al (2019) and Maskey et al (2020)), however, these methods can be extended to include 
physical constraints and properly account for the uncertainty of using such information (e.g., McDermott 
and Wikle, 2020 and Berliner et al., 2000). The risky and paradigm-shifting work that we believe should 
be done with AI and aerosol-cloud interactions is as follows. We need to set aside the overly constrained 
parameterizations of aerosol properties, such as size and composition to enable the integration of other 
aerosol-related retreivals, such as aerosol optical depth and all phases of water. This will require 
building statistical models that can appropriately characterize the complex dynamics and a short-term 
forecasting capability using machine learning techniques for a non-precipitating cloud parcel in a select 
region before then extending the techniques to a larger domain.  This builds upon observations and 
numerical simulations of Amiri-Farahani et al. (2017), Durkee et al. (2018), Possner et al. (2018), Zheng 
et al. (2020), and Patel and Shand (2020).  
 
Statistics for Interpretability and Uncertainty Quantification 

We propose developing tailored statistical methods that can account for the dynamic evolution of 
aerosols over space and time by handling key simultaneous effects of atmospheric processes, multiple 
complementary data sources, and multiple sources of uncertainty, especially measurement error. 
Advanced statistical approaches have proven to make significant progress to address all of these 
complexities. For example, Shi and Cressie (2007) estimate global and regional trends of aerosol- and 
weather-related measurements and multivariate space-time statistical approaches have been proposed for 
characterizing the dynamic relationship across space and time between multiple spatial processes (e.g., 
Gelfand and Banerjee, 2010 and Datta et al., 2016). Hooten and Wikle (2012) proposed an agent-based 
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model in a hierarchical Bayesian framework to intuitively parameterize complex systems of dynamic 
space-time processes. Schliep et al., (2015) proposed a model to successfully fuse aerosol data from 
ground-based and remote sensing sources and overcome challenges due to misaligned data sources, 
correlation across space and time, and extensive missingness of ground-based monitoring data. Such 
approaches are promising but have yet to be developed for aerosols and clouds. Patel and Shand (2020), 
for example, demonstrated a statistical model for the behavior of aerosols emitted from ships in low-
lying clouds in a marine environment and account for key atmospheric drivers and dynamics through 
stochastic differential equations. 
 
Deep Learning & Machine Learning for Improved Prediction 
 We propose adapting and developing ML approaches to build surrogates of complex 
parameterizations of earth system processes when large amounts of data are available.  These methods 
enable the integration of insights gleaned from statistical methods with ESMs. Existing methods that we 
can leverage are the following: Weber et al. (2020) adapts a convolutional neural network as a surrogate 
to efficiently predict short-term precipitation forecasts, while Hughes et al. (2018) and Zheng et al. 
(2020) demonstrate the use of gradient-boosting algorithms to represent and predict aerosol mixing-
states.  Representations of small-scale atmospheric processes via General Adversarial Networks 
(GANs), have been demonstrated by Berner et al., 2017 and Gagne et al., 2020. Historically, modelers 
have relied upon heuristics to identify extreme events which cannot adequately capture the complexity 
of the system and are known to be unreliable (Barbuzano, 2020). In recent weather modeling advances, 
Chattopadhyay et al. (2020) adapts a capsule neural network to accurately predict extreme weather 
events. Deep Learning methods have been shown to be particular useful for building surrogate models of 
ESMs and have the potential for efficient prediction of extreme climate events. Qi and Majda (2020) 
leverage deep convolutional neural networks to predict extreme events in turbulent dynamical systems. 
McDermott and Wikle (2020) rely on reservoir computing to employ cutting-edge deep echo state 
networks along with a hierarchical Bayesian framework to advance the deterministic multi-scale Lorenz-
96 model (Lorenz, 1996). This work shows promise of reliable and efficient long-lead forecasting in 
complex non-linear systems. Although these approaches are promising, significant advances are still 
needed to even begin to represent the climate dynamics, provide uncertainty quantification and 
accurately predict extreme events and within ESMs. 
 

In conclusion, we propose developing advanced analytical methods tailored to the 
challenges discussed in this paper to transform our understanding of complex aerosol-cloud-
precipitation processes. These methods, along with substantial cross-disciplinary collaborations, will 
enable the discovery and integration of newfound insights with existing climate models such as DOE’s 
E3SM. This work will not only improve the interpretability and predictability of ESMs but also enhance 
the science and ensure reusable and reproducible findings. Developing broadly applicable tools with 
statistics and ML will ultimately enable AI that will substantially improve DOE’s confidence in 
predicting extreme events such as sudden drought or flooding and set DOE up for success to contribute 
paradigm-changing improvements to earth system predictability. This work follows the Earth and 
Environmental Systems Sciences Division Strategic Plan to “develop an improved capability for Earth 
system prediction on seasonal to multidecadal time scales to inform the development of resilient U.S. 
energy strategies” through the Data-Model integration Scientific Grand Challenge to “support the 
integration and management of models, experiments, and observations across a hierarchy of scales and 
complexity” (DOE CESD Strategic Plan 2018). We look forward to the collaboration with colleagues 
interested in these methodologies to create new solutions for the predictability of the Earth System. 
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Doug Nychka (douglasnychka@gmail.com), Professor of Applied Math Statistics @ Colorado School 
of Mines, Emeritus Senior Scientist @ NCAR– spatial statistics for large climate data 
 
Dorit Hammerling (hammerling@mins.edu), Professor of Applied Math and Statistics @ Colorado 
School of Mines – Lead the Statistics and Data Science Section in the Institute for Mathematics Applied 
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