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Focal Areas 

(2) Predictive modeling using AI techniques and AI-derived model components. It describes the

use of AI and other tools to design a prediction system comprising a hierarchy of models.

Specifically, this white paper focuses on the development of a collaborative deep learning platform

for evaluating and predicting spatiotemporal relationships between the hydrological and carbon

cycles and includes capabilities for considering biogenic and anthropogenic inputs to these

systems.

Science Challenge 

How much of the shift in spatiotemporal CO2 patterns is due to large-scale and gradual 

environmental change, and how much is due to increases in proximal and concomitant human 

activity (i.e., CO2 emissions and water consumption)? Additionally, how do extreme hydrological 

events affect the near- and long-term carbon cycle responses of these natural systems?  

Rationale 

Recent atmospheric measurements show that higher concentrations of CO2 are in areas previously 

thought to be net sinks of CO2 and that lower concentrations appear in areas that were previously 

thought to absorb less CO2. This observation suggests that the spatial pattern of biogenic CO2 

sources and sinks are changing as the climate changes (NASA 2019), and that temporal predictions 

of the spatial distribution of CO2 concentration cannot be deterministically projected due to the 

nonstationarity of the environmental forces. If these spatial patterns of CO2 can be forecasted by 

incorporating this nonstationarity, predictions for future CO2 concentrations and climate conditions 

can be improved. However, surface-atmosphere carbon flux has two opposing components, each 

relatively large compared with the net sink. These include: (1) a release of carbon to the 

atmosphere related to land use change and (2) inter-annual variability in the uptake of CO2 in 

tropical, subtropical, and boreal terrestrial ecosystems (Joiner et al. 1999, Stephens et al. 2007, 

Schurgers et al. 2018) that pertain primarily to a lack of equilibrium between photosynthesis and 

plant and soil respiration (Ballantyne et al. 2015, Schurgers et al. 2018).  

Narrative 

We propose a simulation platform based on Spatiotemporal Sequence Forecasting (STSF) that will 

allow researchers to run experiments to learn how spatial patterns of CO2 concentration evolve 

under varying meteorological and hydrological and conditions with and without local 

anthropogenic forcing. We propose this platform with an eye toward developing an integrated 

methodology for incorporating locally resolved human and environmental processes into regional 

and global climate models in cooperation with community needs and relevant science drivers. 

However, the deliverable here will be a stand-alone file generator for spatiotemporal-gridded CO2 

concentration.  
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For the STSF analysis, we will implement a deep learning method called recurrent neural networks 

(RNN) within an Encoder-Forecaster structure. This scheme first encodes various spatiotemporal 

combinations of variables into a finite-dimensional vector or a probability distribution, then passes 

the vector to a RNN, which dynamically determines, in a hidden layer, recurrent connections 

among locations and timestamps of the input data. Finally, the method generates multistep-ahead 

predictions by using the forecaster, which includes an additional RNN step and final deconvolution 

(Shi, 2018). Some input variables to the analysis could include CO2 emissions (e.g., US 

Environmental Protection Agency sources [Gurney et al. 2020]), landcover, temperature, direct 

and diffuse radiation, latent heat flux, wind, humidity, precipitation, consumptive water use (e.g., 

McManamay et al. [2021]), and soil moisture data observations. To handle uncertainty in the 

method, the encoder and forecaster will contain a probabilistic component informed by 

convolutional long short-term memory so that long-term dependencies of spatial CO2 

concentration on the temporal patterns of the input variables are captured as well as spatiotemporal 

correlations in the data. In addition, to avoid over-confident predictions made by an RNN model, 

we will simultaneously train an ensemble of RNN models, each of which is trained with a different 

initial condition. Due to the non-convexity of the RNN’s loss landscape, each RNN will explore a 

different sub-region in the parameter space. Then, we use the average of the RNNs’ outputs to 

make predictions and use the variance of RNNs’ outputs to quantify the confidence/uncertainty of 

the predictions. In this way, an over-confident prediction made by one RNN can be corrected by 

the rest of RNNs in the ensemble. 

To test the reliability of this method for producing sub-kilometer spatiotemporally explicit CO2

concentrations, we will encode local and regional time series parameters for specific locations in 

three climate zones—tropical, midlatitude, and boreal—by using data available from the 

Atmospheric Radiation Measurement (ARM) data center. These tests will be conducted within the 

proposed platform, which will access the ARM data through a built-in application programming 

interface. If ARM data are unavailable for a needed parameter, other data feeds will be established. 

Additionally, provision will be made for the ingestion of user-selected datasets. These data access 

functions will be incorporated into the platform similarly to those incorporated in the Eagle-I1 and 

North American Energy Resilience Model2 platforms.  

The results of the simulations at each resolution will be compared with measured spatiotemporal 

CO2 patterns. Additionally, we will determine the relationship between the values obtained with 

highly resolved input and values obtained with more regional and long-term input by using 

traditional differencing and statistical methods and/or deep learning to relate values in high-

resolution grid cells to those in low-resolution grid cells (e.g., Rodrigues et al. [2018]). 

To evaluate the validity and estimate the uncertainty in the terrestrial ecosystem sink identification, 

we will track the times and locations at which CO2 is significantly higher or lower than in the 

surrounding areas. Then, we will use receiver operating characteristic curves (ROC) to diagnose 

the predictive fitness of this parameter. This is done by plotting the true positive rate of prediction 

as a function of the false positive rate compared with solar-induced fluorescence measurements 

(i.e., indicators of the rate at which plants convert sunlight and CO2 into chemical energy) and 

1https://www.energy.gov/oe/articles/doe-announces-transition-eagle-i-oak-ridge-national-

laboratory-ornl-taking-advantage 
2https://www.energy.gov/sites/prod/files/2019/07/f65/NAERM_Report_public_version_072219_

508.pdf

https://www.energy.gov/oe/articles/doe-announces-transition-eagle-i-oak-ridge-national-laboratory-ornl-taking-advantage
https://www.energy.gov/oe/articles/doe-announces-transition-eagle-i-oak-ridge-national-laboratory-ornl-taking-advantage
https://www.energy.gov/sites/prod/files/2019/07/f65/NAERM_Report_public_version_072219_508.pdf
https://www.energy.gov/sites/prod/files/2019/07/f65/NAERM_Report_public_version_072219_508.pdf
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identifying the level at which the function is maximized or the highest true positive to total 

diagnoses (i.e., sensitivity) is met (Murphy 1996, Peres and Cancelliere 2014, Rottman 2019). A 

gridded graphical representation of the ROC curves will be displayed in the user interface for 

interactive evaluation.  

Predictive Use 

Once the system has been tested for predictive capability and its uncertainty is characterized using 

historical data, capabilities for predicting the impacts of future human activity on future climate 

will be integrated. For example, projected emissions datasets based on Shared Socioeconomic 

Pathways (O’Neill et al. 2014, 2016, 2017) population and energy use, disaggregated to 1 km and 

hourly resolution (based on previous work, such as McManamay et al. [2019]) can be provided. 

Accommodation can also be made for user-defined scenarios. 

Future Extreme Hydrological Event Impact 

The capability for superimposing a drought scenario on a specific location under future climate 

will be provided (e.g., Allen et al. [2017]) by using the Standardized Precipitation Index (SPI) and 

the relationship between the lack of precipitation and water scarcity during relevant historical 

periods for locations of interest as a basis for incremental adjustments in water availability 

estimates for future dates. Furthermore, the cumulative effects of evapotranspiration and projected 

consumptive water use can be included to modify surface water levels. Machine learning 

techniques for predicting SPI (e.g., Belayneh and Adamowski [2012]) can be tested for each 

location to determine which method might work best for such predictions. The best method will 

be provided as a component of the overall platform. For the test cases, gridded SPI datasets will 

be generated and compared with calculated SPI from measured data. Visualizations of predicted 

and calculated SPI along with root mean square error and R2-values will be shown in the user 

interface. The resulting gridded SPI calculations can then be used as inputs at the encoder step for 

the STSF simulations. 

FAIR Data Use 

To allow results from this platform to be reproducible, in accordance with FAIR (Findable, 

Accessible, Interoperable, Reusable) principles, the platform will track and save data provenance 

and experimental output. This output, along with model codes, will be made available to the user 

during platform access and to the scientific community upon request. 
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