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Focal Area(s)  
This whitepaper responds to focal areas 2 and 3 and intends to integrate complex observational data 
collected across the land-atmosphere domain to inform models and explore the role of soil as an 
integrator of land-atmosphere hydrobiogeochemical cycles. 

Science Challenge 
Soil water content is a function of inputs from precipitation and outputs via evaporation, transpiration, 
lateral flow, and vertical percolation, and is sensitive to biogeochemical processes. As such, soils serve 
as an ideal integrator of atmospheric, hydrological, and biogeochemical processes affecting the water 
cycle. In addition, soil water retention capacity, infiltration rates, and hydraulic conductivity can buffer 
or exacerbate the effects of extreme precipitation events (e.g., flooding, runoff, subsurface transport, 
erosion, greenhouse gas emissions) and mitigate the impact of droughts and heat waves on land systems 
(e.g., fire, crop failure). However, integrating water cycle measurements spanning different land-
atmosphere compartments across scales is a fundamental barrier for numerical model predictability. A 
significant challenge is that each domain (soil, hydrology, biology, and atmosphere) typically collects 
different sets of data at different temporal and spatial frequencies/scales, and even different 
dimensionalities (2D vs 3D). To implement soil as an integrator of the water cycle in land models, we 
suggest that novel machine learning (ML) tools can be developed to effectively simulate complex 
landscapes across various domains and scales, extended to regions with sparse or no data. The ultimate 
goals are to improve predictive understanding of land-atmosphere interactions and to extend the 
predictability of current Earth System Models (ESMs) through better integration of hydrological and 
biogeochemical data. We envision a framework in which: (1) ML-aided data reconstructions enable the 
merger of data sources into a unified geospatial product; (2) automated detection techniques are used to 
improve the knowledge of complex soil processes and interactions; and (3) this knowledge is leveraged 
and incorporated into models through AI-based emulators to distinctly connect the land and atmospheric 
compartments of the water cycle in models.  

Rationale 
Soils are heterogeneous and complex at multiple scales. Variations in soil hydrological processes are 
inherently linked to properties such as particle size distribution, porosity, permeability, clay mineralogy, 
depth, and organic matter content that vary across landscapes and regions. Thus, soil 
hydrobiogeochemical functions and their interconnections occur at multiple spatiotemporal scales across 
the landscape and with depth. In general, this heterogeneity is not well represented in models, 
particularly ESMs designed to address global-century level climate questions. For example, small 
variations in topography can lead to differences in ecosystem function via soil moisture, microbial 
activity, biogeochemical reactions, and gas emissions. Data sets are often collected at field or plot scales 
(which are coarser than the scales at which underlying processes occur) and then used to empirically 
parameterize components of land surface models (LSMs) with little understanding of possible feedbacks 
to the atmosphere. As LSMs become more complex and better coupled to atmospheric models, it will 
become necessary to find solutions for managing the dimensionality created by numerous interacting 
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feedback systems and the heterogeneity of land processes. Upscaling of heterogeneous land processes is 
a well-recognized problem in ESMs. These representations may reproduce reasonable behavior over 
long time scales on an average model grid cell but are missing the emergent properties that ultimately 
underpin soil hydrological integration of air, water, land and biology. For this reason, extrapolating to 
the future under changing conditions is also likely to miss key responses in ecosystems. By explicitly 
exploring these scaling issues in the context of land-atmosphere multi-scaled data sets, we can rapidly 
advance the field. Furthermore, by using soil as an integrator of the atmospheric-land water cycle we can 
elucidate how soil processes, properties, and pre-existing conditions affect ecosystem responses to 
extreme events and, thereby, improve their predictability.  

Narrative 
Similar to the move towards trait-based representations of vegetation in modern LSMs, we propose that 
water-cycle predictability can be greatly improved by incorporating soil traits (properties) that represent 
key soil functions [e.g., 1-5] affecting land hydrobiogeochemical processes and land-atmosphere 
interconnections in ESMs. Because soil properties can be predicted from multivariate relationships with 
environmental data that serve as proxies for soil formation and evolution, the spatial distributions of 
these covariates can be used to generate spatially explicit predictions of soil traits from observational 
datasets. Traditionally, digital representations of soil property distributions have been generated by using 
linear regression, kriging, and hybrid approaches [6-9], but increasingly the utility of various ML and 
deep learning approaches are being explored [10-14]. Recent national and international efforts to build 
and harmonize soil information systems are accelerating due to expansion of traditional data streams, 
creation of standardized databases, advancements in proximal soil sensing, and efforts to develop new in 
situ sensors and sensor networks [15-23]. In addition, high-resolution satellite remote sensing of surface 
properties (e.g., land use/land cover types, elevation), states (such as leaf area index, biomass, surface 
soil moisture), and energy, water and carbon fluxes (such as evapotranspiration and gross primary 
production) are becoming increasingly available. These satellite-based observations have global 
coverage with high spatiotemporal resolutions, providing new or enhanced environmental predictor data 
streams [24-29]. Thus, we believe the time is right for coupling AI with these exploding data sources to 
build integrated soil-aware land-atmospheric domain datasets that can both improve ESMs and inform 
development/deployment of targeted observation networks to reduce uncertainties and increase 
predictive understanding.  
Data Reconstruction: AI can be used to integrate, unify, and harmonize data that expand across scales. 
This requires integration of a hierarchy of observational datasets that range from high to low frequency 
(e.g., hourly, daily, one-time measurement, etc.), have been collected across different time scales (e.g., 
once, seasonal, annual, decadal), and are distributed with varied spatial intensity across different regions. 
We propose to use AI-based multiscale techniques to reconstruct (interpolate) and link data across 
scales, for example mapping multiple irregular sensor outputs onto regular grids. Soils in general and 
soil water in particular show a multitude of interactions and associations across various scales, and these 
multiscale features can be embedded into the reconstruction scheme. For example, an open challenge in 
the field is linking high-resolution remote sensing products and digital maps of soil properties with 
dynamic field-scale observations (e.g., soil moisture sensor networks, runoff monitoring, streamflow, 
eddy covariance data). AI has several methods that are well suited to this challenge. Artificial neural 
networks have proven successful at embedding multiple sources of data [30,31] and mapping complex 
non-linear input-outputs relationships. In particular, techniques such as generative adversarial networks 
have been successful at enhancing the resolution of outputs and will be used to obtain the most detailed 
representation of the quantities of interest [32]. In addition, Gaussian processes are known for 
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accommodating unstructured data, interpolating in a multidimensional fashion (space-time, scale-aware, 
multiple variables, etc.) and for providing uncertainty associated with such reconstructions. The use of 
Gaussian process techniques provides uncertainty measures and can be leveraged with environmental 
information to create an optimization framework to guide the placement of new sensors.  
Association Detection and Automation: Soil science has a long history of interoperating data from other 
measurements (e.g., pedotransfer functions [33]) and working with physics-based simulations to 
examine associations between data. These models, however, typically rely on sparse data and/or ‘expert 
tuned’ models. We can leverage new AI methods to launch the field forward by using clustering and 
segmentation techniques to detect and extract associations between variables across high volumes of 
data and hierarchies of scale. For instance, artificial neural networks (e.g., Autoencoder) can be trained 
to extract the most representative features from the high dimensional reconstructed observations. Then 
visualization algorithms such as t-distributed Stochastic Neighbor Embedding can be used for mapping 
the compressed features to a 2D plane for exploring similarity and associations. Furthermore, semi-
supervised extensions can be built to include existing knowledge, such as extracted spectral coherence 
for sparse data. Creation of reconstructed datasets with the same dimensions in time and space, will 
enable mathematical analysis of coherence (from 0 to 1) at different scales by using, e.g., wavelet 
analysis. For example, we expect high coherence between photosynthesis and radiation at hourly and 
daily time scales in vegetated areas. At inter-annual scales, some areas will have high coherence 
between photosynthesis and radiation, or precipitation, or temperature. Similarly, in space, soil CO2 
efflux might have high coherence with soil moisture at the centimeter scale, whereas it might have high 
coherence with vegetation density at kilometer scales. Such mapping of coherence between variables in 
time and space at various scales would be insightful for many domains of science and would inform 
areas that need more research to understand the underlying mechanisms of apparent system behaviors. 
Furthermore, the exact same analysis can be done with ESM variables to enable comparisons with 
empirical data and further inform on mismatch and agreement with the data — thereby guiding our 
understanding of emergent properties and providing a new approach to benchmark ESMs at various 
scales. Finally, these insights will be used to understand which soil properties and functions are 
dominant controllers/predictors at different scales. Knowledge gained from AI can incorporate 
heterogeneity in models by informing which processes to include in sub-grid or refined grids in ESMs.  
Emulators: Finally, models can be improved by the insight gained from the development of emulators 
to capture emergent properties. AI-based emulators could be designed for scale-aware 
hydrobiogeochemical models as a 3D controller or strategy for representing fine scale soil processes in 
ESMs by using approaches such as the deep neural architecture search, which requires limited training 
data [34]. Learning from fine-scale modeling over targeted regions or environmental conditions is also a 
promising pathway forward. The ESM community can benefit from recent advances in fine-scale 
modeling (such as 3D simulation of coupled surface-subsurface water and nutrient flows). With the help 
of advanced AI/ML techniques, the most relevant features controlling a specific process can be 
identified within the simulated database. Similarly, emulators can also be built by learning from the 
simulated database, especially when the model simulations are constrained by observations. In addition, 
recent emergence of physics-guided machine learning provides another opportunity for learning from 
both model simulations and observations, which usually can lead to superior performance compared to 
learning from either model simulations or observations alone. Finally, embedding fine scale models 
within the larger modeling framework at representative locations via a clustering approach (similar to 
superparameterization approaches in the atmosphere) can be used to scale up high resolution processes 
to a greater region. AI techniques can identify the locations of representative clusters and parameterize 
the fine scale models. 
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Suggested Partners/Experts (Optional) 
1. International Soil Modeling Consortium (ISMC)	
2. Earth Science Information Partners (ESIP) 
3. Drought-Net 
4. Natural Resources Conservation Service (NRCS) and Kellogg Soil Survey Laboratory (KSSL) 
5. National Ecological Observatory Network (NEON) 
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