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Focal Areas. Insight gleaned from complex data using AI, and other advanced methods, including 
explainable AI and physics- or knowledge-guided AI. Predictive modeling through the use of AI 
techniques and AI-derived model components; the use of AI and other tools to design a prediction 
system comprising of a hierarchy of models. 

Science Challenge. Ongoing and future remote sensing (RS) missions are expected to provide an 
unprecedented amount of data. The hope is that these data will improve our predictive understanding of 
the Earth System functioning and its response to extreme climate events.  This 'data flood', however, 
poses several challenges: (1) how can we quickly synthesize the volume of data and identify emergent 
behavior of the ecosystems, particularly under extreme events; and (2) how can this knowledge be 
effectively incorporated in Earth system models (ESMs) and advance both applied and theoretical 
research? We envision the next-generation of ESMs will be deeply integrated with theory-informed RS-
systems.  However, we argue, that the most rapid pathway to get there is to develop a heuristic method 
based on theory/model-informed RS-based estimation will more rapidly advance scientific discoveries 
via AI capabilities. Such an approach will be able to identify how to more rapidly assimilate and analyze 
RS data. Developing such capabilities will be critical in capturing the key drivers of biosphere and 
ecosystem change - extreme events (e.g., storms, droughts) and associated hazards (e.g., fires, 
landslides, floods) - and quantifying their impact on both natural (biodiversity, environment) and human 
(infrastructure, energy, agriculture) systems.  

Rationale. Biodiversity and the functioning of ecosystems are the key component of the Earth 
Systems, playing a central role in water, carbon and nutrient cycling (Lade et al., 2020, Norris et al., 
2020, Ruckelshaus et al., 2020, Carpenter et al., 2009). The consequences of hydrological extremes – 
such as droughts and flooding – are measured by their impact on ecosystems such as permanent plant 
die-off events or species alternation (AghaKouchak et al., 2020, Trotsiuk et al., 2020, Steel et al., 2019, 
Ruthrof et al., 2018). To represent such events and their ecosystem impacts, ESMs rely on 
parametrization often supported by intensive spatially-limited in-situ observations. Models such as the 
Functionally Assembled Terrestrial Ecosystem Simulator (FATES), can forecast environmental 
variables (e.g., carbon/water fluxes, forest structure) from simulating plant dynamics of a single tree or 
plant communities. The outcome of models’ prediction is, however, strictly connected to the quality, 
resolution, and scale, of the input parameters as well as the model parametrization. Computationally 
intensive models need to practice a trade-off between model complexity and spatio-temporal resolutions, 
making the identification of extreme patterns difficult to observe, and consequently producing high 
uncertainty responses to changes in ecosystem functioning when extreme events occur.  
In recent years, RS capabilities for Earth Observations have increased in such a way that we are able to 
collect snapshots anywhere on our planet at multiple spatial and temporal scales and resolutions. The use 
of RS provides the opportunity to monitor and capture dynamics that are in general difficult to monitor 
and/or easy to miss. However, the challenge is to rapidly discover new patterns and processes in the 
Earth System but yet at the same time tame the data deluge from an increasing number of RS data 
sources. Several machine learning (ML) approaches, from the traditional supervised-learning to the 
more recent deep-learning networks, have been successfully applied to RS data to predict plant 
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community distributions, plant/leaf traits, vegetation structure, all which can be considered as important 
biodiversity aspects that need to be monitored to identify changes in ecosystem function. Although ML 
is a powerful tool, it is often used as a purely data-driven black box, where lack of domain knowledge 
affects both scalability and generalization capabilities. Learning complex scale-dependent relationships 
requires new theory-informed ML strategies able to not only identify correlations but also causality, 
allowing to cope with the gap between site-specific model-derived quantities and spatially extended 
estimations based on RS observations, while allowing in-situ data scarce regions (or problem) to 
leverage the knowledge from in-situ data rich regions (or problem).  

Narrative. The science needed to understand and mitigate the impacts of global change on the 
biosphere will require both unprecedented access to diverse biological and environmental data across 
space, time, and scales and the synthesis and development of predictive theory (Dietze et al., 2018, Bush 
et al., 2017, Hampton et al., 2013). In this white paper, we argue that while environmental data from RS 
have been accumulating at a rapid pace, their broad scope generates major challenges for finding 
effective ways to discover, access, integrate, curate, and analyze the range and volume of relevant 
information. Second, to generalize and improve forecasts, there is an urgent need to harness big data and 
data synthesis with the vision and foresight of analytical and quantitative theory. We identify the key 
ML/AI capabilities to further enhance the predictability of ecosystem models: (1) enhanced connectivity 
from RS to model parameterization, (2) theory/model-informed RS-based estimation.  
Enhanced connectivity from RS to model parameterization. RS data together with data collected from 
other resources such as drones, radar, weather stations, geographical information, and hydrology 
information raise a unique challenge for ML to deal with multi-view and multi-modal data and 
predict/assess extreme events. With multi-view and multi-modal data, an ML pipeline to align, fuse 
different views and different modalities of data is in great need to perform co-learning and decision 
making. For example:  
If some observations are missing in a certain modality of data, by aligning and co-learning it with other 
modalities of data, we can mitigate this issue and still provide a reliable prediction/decision. Further, 
large high-resolution RS-based datasets used as input to ML algorithms can be used to enhance 
parameterizations of unresolved processes in current ESMs at high spatial and temporal scales. 
Resolving convection in regional/global atmospheric models using ML and high-resolution datasets 
could lead to improvements in extreme event simulations. Furthermore, ML can relate extreme events 
and hazards with impacts such as agriculture, infrastructure, energy, transportation, etc. (Lazin et al., 
2021, Cerrai et al., 2019, Nikolopoulos et al., 2018).  
In addition, ML can be used to forecast future conditions. ML and deep learning methods (e.g., fully 
convolutional networks) can be trained to capture the regular spatial (in different horizontal and vertical 
resolutions) and temporal patterns in RS-related datasets to predict normal future situations and detect 
extreme events when the actual future scenario deviates from the prediction (Zhang et al., 2019). 
Theory/model-informed RS-based estimation. In recent years, ML techniques (especially deep learning) 
have achieved great success in various domains, e.g., computer vision, speech recognition, and natural 
language processing. However, there are several substantial barriers for directly applying ML methods 
to RS data to facilitate the understanding of the Earth System functioning and its response to extreme 
events. First, most existing ML-based systems are data-driven. In Earth systems, however, domain 
knowledge in the forms of rules, theories, or physical constraints play an important role. For instance, it 
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has been shown that by combining ML with mechanistic theory applied to RS data it can be made more 
effective and provide insight into physiological and physical mechanisms.  
Here we advocate that an important methodological development in application of ML methods is to 
examine and contrast results from theory-informed approaches with those that are theory-free. Theory 
informed choices of feature space hold the promise of greatly improving the convergence time, accuracy 
and inference of ML algorithms. This approach can inform our understanding, or lack thereof, of the 
underlying biological and physical processes, and potentially elucidate causal relationships. We point to 
three specific examples. 
First, ML methods can be used to more rapidly identify mechanisms and advance theory by applying ML 
to theoretically informed feature spaces to leverage all available information and technology (Brummer 
et al., 2021). To search for patterns, ML algorithms are often applied to the full set of untransformed, 
standardized raw data. This is done because (i) in the absence of a prior theory, it is the most 
straightforward approach; and (ii) some practitioners of ML prefer to have a model- or theory-agnostic 
method arguably free of bias. For example, given a query RS observation, if we retrieve similar patterns 
in the historical observations (assuming most historical data are normal) using ML, then the query RS 
observation will also be determined as normal and we can use the retrieved patterns to interpret the 
current situation (e.g., geographic, hydrological, weather, biological etc.). If we cannot identify a similar 
pattern, then the query RS observation could be an extreme event we never encountered and need 
special attention. However, also applying ML to theoretically informed feature spaces can better inform 
mechanism and advance theory.  
Second, examining and contrasting results from theory-informed approaches with those that are theory-
free enables for “diagnosis” of impacts of extreme events. Assuming we have a database of extreme 
events, with the methods described above, after identifying an extreme event, we can retrieve similar RS 
observations in the extreme events database and leverage them to characterize the current observation 
(extreme event). While the raw data represent one feature space, there are always infinitely more choices 
of feature spaces based on specific combinations, subsets, mathematical operations (e.g. logarithms or 
ratios), or other transformations of the raw data.  
Third, applications of ML methods and increased model complexity can help improve classification 
based on raw data and using feature spaces based on theory as well. Therefore, it is essential to 
leverage the domain knowledge to enhance the capability of ML-based prediction systems. Second, 
most existing ML methods (especially deep neural networks (DNNs)) lack explainability. For this 
purpose, we propose to design self-explanatory models (e.g., attention, exemplar) or post-hoc 
explanation methods (in which DNNs are treated as a black box and employ explainable models such as 
a decision tree to fit the input and output and perform explanation) to make the decision interpretable. 
ML-methods that can address the above two issues will provide enhanced prediction and classification 
results with a more transparent decision process. 
Next generation of ESMs. We envision the next-generation of ESMs will be deeply integrated with 
theory-informed RS-systems. Advanced ESMs/RS integration would provide capabilities of constraining 
parameters and reducing parameter uncertainty to improve the process modelling, as well as improve the 
predicting capabilities of ecosystem functioning at high resolutions over large extents, in particular 
where in-situ data are not available. In support of this, a better integration with global sampling 
networks and ecological databases is also necessary. Such integration would allow a guided site 
selection based on representativeness to improve the extrapolation from plot-scale to larger areas. 
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Suggested Partners/Experts. Partners would include team members in Watershed Function SFA, 
BioFi, Botanical Information and Ecology Network (BIEN), Coastal Observations Mechanisms and 
Predictions Across Systems and Scales - Field Measurements and Experiments (COMPASS-FME).  
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