
Observational Capabilities to Capture Water Cycle Event Dynamics and Impacts in 
the Age of AI 

February 12, 2021           1 

Charuleka Varadharajan1, Yuxin Wu1, Andrew Wiedlea2, Kolby Jardine1, Haruko Wainwright1, Robert 
Crystal-Ornelas1, Joan Damerow1, Helen Weierbach1, Taylor Groves3, Gilberto Pastorello4, Lavanya 
Ramakrishnan4, Juliane Mueller4, Danielle Christianson4 
1 Earth and Environmental Sciences Area, Lawrence Berkeley National Laboratory 
2 Energy Sciences Network (ESNet), Lawrence Berkeley National Laboratory 
3 National Energy Research Scientific Computing Center (NERSC), Lawrence Berkeley National Laboratory 
4 Computing Sciences Area, Lawrence Berkeley National Laboratory 

Focal Area  
This whitepaper is responsive to focal area (1) Data acquisition and assimilation enabled by machine 
learning (ML), Artificial Intelligence (AI), and advanced methods. Here we describe how Earth 
observations specific to water cycle disturbances can be collected in parallel with and integrated into 
future model development, and make use of the latest technologies other than AI/ ML such as 
5G/satellite, edge computing, big data technologies, and cloud computing.  

Science Challenge 
“An ounce of training data is worth a pound of algorithms” - Dan Morris, Microsoft AI for Earth  

10-year Vision: Enhanced DOE Earth observation capabilities that can adaptively collect and 
connect a range of high-quality, and relevant observations across scales, particularly targeting 
extreme water cycle events such as droughts or floods. This whitepaper describes approaches to 
collect observations related to extreme water cycle events to 1) provide the data required to successfully 
use ML approaches in models (Obs4ML), and 2) use AI/ML and other advanced technologies to enable 
collection of data during episodic and potentially catastrophic extreme events (ML4Obs). 

Rationale 
Scientific Gap - Despite the rapid increase in the amount of data becoming available, Earth observations 
are sparse and insufficient to capture the range, dimensions, and spatiotemporal heterogeneity of several 
Earth system processes. In particular, data related to extreme water cycle events (e.g. floods, droughts) 
are more limited since, by definition, these occur less frequently, and since there are increased 
possibilities of instrumentation failure or logistical problems occurring during such events. To date, 
most monitoring networks and observational test beds are designed to capture representative ecosystem 
behavior under current conditions, and do not explicitly target regions or time periods that are most 
likely to be impacted by extreme events. Yet, extreme events effectively result in hot spots and hot 
moments that will have an outsized impact on ecosystem functioning. 
Consequently, this lack of data will impact the predictability of Earth systems impacted by extreme 
events, particularly when considering use of Machine learning models (ML), which need significant 
amounts of data representative of the conditions to be predicted. The problems with incomplete 
observations also affect deterministic or hybrid models since they can result in insufficient process 
representation, under-constrained model parameters, and biased observations for model validation.   
Designing observations for understanding and predicting processes at the scale of interest is difficult, 
particularly when considering use of those data in models.  Although in principle model uncertainties 
can be used to determine when, where and what additional measurements should be conducted in an 
iterative ModEx strategy, in practice this happens only in tightly integrated studies. Typically 
observational campaigns do not assimilate model output in near real-time to make decisions on sampling 
or sensor deployment strategies. Hence, in addition to the observations, we also need cyberinfrastructure 
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that provide processing pipelines to get data to models and also data management practices to enable 
creating FAIR (Findable, Accessible, Interoperable, Reusable) datasets that make existing and future 
data more useful for AI/ML and hybrid models (Cholia et al. and Crystal-Ornelas et al. whitepapers1,2).  
Barriers to Progress - There are several challenges that impede our ability to capture the magnitude 
and extent of disturbances and quantify their impacts to ecosystems: 
1) The uncertainty associated with extreme events makes it challenging to design observations that 

capture their evolving dynamics. Typically the exact timing and spatial distributions of extreme 
events are unknown ahead of time, and conditions can develop rapidly for certain events (e.g. 
hurricanes), which provide short lead times (days and at most months) to mobilize equipment and 
organize logistics. To tease apart the influences of a disturbance on an ecosystem, data on pre- and 
post- event conditions are needed in addition to observations during the event, which adds additional 
uncertainty and costs associated with designing a practical field plan. For example, during the 2016 
El Nino Southern Oscillation (ENSO), the DOE’s Next Generation Ecosystem Experiment – Tropics 
project rapidly mobilized within months to collect coordinated observations of drought impacts at 
different tropical forest sites; yet due to logistical considerations this effort could only capture the 
entirety of baseline conditions in the sites where sensors had been deployed in advance. 

2) The cost of instrumentation and maintenance limits sensor deployment, and it is challenging 
to identify the measurement approaches, the optimal locations to take measurements (which ideally 
include nearby control, undisturbed locations) and account for the possible range of measurement 
uncertainties to avoid biases. Certain observations need to have high spatial and temporal coverage, 
while others require sufficient redundancy to scale and generalize beyond the measurement 
location(s). For some science questions, such as in the DOE’s Watershed Function Science Focus 
Area that seeks to understand the impacts of hydrological perturbations on hydrobiogeochemistry of 
mountainous watersheds, highly diverse observations such as climate, hydrology, geochemistry, and 
vegetation are needed to capture the full range of processes 3. Due to the nature of extreme events, it 
may be necessary to deploy and operate sensors in remote, hostile and resource constrained 
environments. This has associated challenges with ensuring data quality and completeness, and 
ensuring robustness, power and network connectivity so data are stored and transmitted reliably. 

3) Data of interest are spread out across a myriad of data sources and agencies, and it is challenging to 
discover, access and integrate all related observations, particularly when data are in different 
formats and do not have sufficient metadata to support data integration and reuse. Many 
observations, especially big data, are underutilized because it is labor-intensive or complex to 
process them, and barriers in using big data storage and processing capabilities are common. 

4) Current process and ML models have limited representations of extreme events. This makes it 
challenging to use models to drive observations, since we risk propagating model uncertainties and 
biases into the observational strategy. Addressing this requires expanding model boundary 
conditions under future events based on perturbation studies, hybrid ML/AI models that are more 
physics-aware, and the ability to deal with sparse data or previously unforeseen conditions.  

Potential impact: Having more representative, high-quality, well-described data on extreme event 
processes can significantly improve model accuracy and reduce prediction uncertainties. This would 
enhance the Department of Energy (DOE) Earth and Environmental Systems Science Division’s 
(EESSD) observational networks (e.g. AmeriFlux, ARM) and data systems (e.g. ESS-DIVE), and 
require use of unique DOE computing and networking capabilities available through facilities such as 
ESnet and NERSC. This vision is aligned with the EESSD Data-Model Integration grand challenge, and 
would contribute to the other four grand challenges (Integrated Water Cycle, Biogeochemistry, High 
Latitudes, Drivers and Responses) 4. 
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Narrative 
The framework we describe e below will help collect observations that are more targeted and relevant 
for improving model predictions of extreme water cycle events and impacts.  
 Obs4ML – Observations used in current Earth science ML applications include data from long-term 
sensor networks, including the DOE’s AmeriFlux and ARM facilities, intensively sampled testbeds with 
diverse co-located measurements (such as the East River community observatory) and remote sensing at 
various spatiotemporal scales. It is essential that such instrumentation continue to be maintained, as they 
provide continuity of long-term historical records that are easily fed into ML models. In addition, given 
the capabilities of current AI/ML models combined with Internet of Things networking capabilities, as 
well as exascale and cloud computing power, there is an opportunity to obtain extreme event data for 
ML through use of other underutilized conventional instrumentation such as 1) widespread camera and 
drone imagery that can be harnessed by computer vision algorithms, 2) large operational networks such 
as commercial cell phone towers (e.g., cell signal attenuation have been used to estimate precipitation 5) 
or crowd-sourced monitoring networks (e.g. Purple Air), 3) controlled laboratory experiments mirroring 
field conditions in real-time to test ecosystem responses to events without confounding factors.  
ML4Obs – Conversely, there are several ways in which we can use advances in AI/ML and other 
technologies to obtain targeted, hyper-resolution datasets to improve Earth system predictability 6.        
1) Data QA/QC: To handle data QA/QC at the scales required by such new observations, AI algorithms 
can help distinguish anomalous events that are true extreme observations, from bad data. If ML-based 
QA/QC is run on the edge, it can enable real-time alerts when sensors fail and potentially take corrective 
actions (e.g. triggering a redundant sensor to start acquiring data), 2) Surrogate models/hybrid models 
can be run in a computationally efficient manner to guide measurements in real-time to reduce model 
uncertainties, and to design optimal sampling strategies 3) Robotics driven by reinforcement learning 
can obtain much more data than manually possible even in hostile conditions, and adaptively measure 
extreme events as they evolve, 4) 5G/6G wireless backhaul and emerging edge compute capabilities can 
be successfully deployed to reduce latencies and enable real-time data acquisition driven by centralized 
command centers, 5) ML approaches 
such as natural language processing 
can help discover data from relevant 
sources to target questions related to a 
specific event of interest, which paired 
with cyberinfrastructure to integrate 
data from multiple data sources in real-
time can enable use of a variety of 
observations to be used in a single 
model, 6) Use of OSSEs (Observation 
System Simulation Experiments) that 
include ML models should be 
considered in designing sampling 
strategies.7 Ultimately, co-design of 
models with observations and AI/ML 8 
(Figure 1) can enable optimal 
acquisition of extreme water cycle data, 
and integration of data into models for 
improved predictability.  

Figure 1 – Co-design of observations with models and AI/ML analytics can obtain 
optimized measurements of extreme water cycle events, and use near real time two-way 
model-data feedbacks to address science questions and improve predictability (fig from 
Varadharajan et al. 2019) 



Observational Capabilities to Capture Water Cycle Event Dynamics and Impacts in 
the Age of AI 

February 12, 2021           4 

 

Suggested Partners/Experts  
Dan Morris, Microsoft AI for Earth 

Renaud Detry (NASA JPL), group lead for Perception Systems and robotics 

References  
1. Cholia, S., Varadharajan, C. & Pastorello, G. Z. Integrating Models with Real-time Field Data 

for Extreme Events: From Field Sensors to Models and Back with AI in the Loop. (2021). 
2. Crystal-Ornelas, R. et al. A library of AI-assisted FAIR water cycle and related disturbance 

datasets to enable model training, parameterization and validation. (2021). 
3. Hubbard, S. S. et al. The East River, Colorado, Watershed: A Mountainous Community Testbed 

for Improving Predictive Understanding of Multiscale Hydrological–Biogeochemical Dynamics. 
Vadose Zo. J. 17, (2018). 

4. U.S. DOE. Climate and Environmental Sciences Division Strategic Plan 2018–2023. (2018). 
doi:DOE/SC–0192 

5. Overeem, A., Leijnse, H. & Uijlenhoet, R. Country-wide rainfall maps from cellular 
communication networks. Proc. Natl. Acad. Sci. 110, 2741 LP – 2745 (2013). 

6. Hubbard, S. S., Varadharajan, C., Wu, Y., Wainwright, H. & Dwivedi, D. Emerging 
technologies and radical collaboration to advance predictive understanding of watershed 
hydrobiogeochemistry. Hydrol. Process. n/a, (2020). 

7. Masutani, M. et al. Observing System Simulation Experiments BT  - Data Assimilation: Making 
Sense of Observations. in (eds. Lahoz, W., Khattatov, B. & Menard, R.) 647–679 (Springer 
Berlin Heidelberg, 2010). doi:10.1007/978-3-540-74703-1_24 

8. Varadharajan, C. et al. Launching an Accessible Archive of Environmental Data. Eos 100, 
(2019).  


