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Introduction: Advancements in machine learning (ML) algorithms that make
predictions from data without being explicitly programmed and the increased
computational speeds of graphics processing units (GPUs) over the last decade
have led to remarkable progress in the capabilities of ML. In many fields,
including agriculture, this progress has outpaced the availability of sufficiently
diverse and high-quality datasets, which now serve as a limiting factor. While
many agricultural use cases appear feasible with current compute resources
and ML algorithms, the lack of reusable hardware and software components,
referred to as cyberinfrastructure (Cl), for collecting, transmitting, cleaning,
labeling, and training datasets is a major hindrance toward developing solutions
to address agricultural use cases. This study focuses on addressing these
challenges by exploring the collection, processing, and training of ML models
using a multimodal dataset and providing a vision for agriculture-focused Cl to
accelerate innovation in the field.

Methods: Data were collected during the 2023 growing season from three
agricultural research locations across Ohio. The dataset includes 1 terabyte (TB)
of multimodal data, comprising Unmanned Aerial System (UAS) imagery (RGB
and multispectral), as well as soil and weather sensor data. The two primary crops
studied were corn and soybean, which are the state's most widely cultivated
crops. The data collected and processed from this study were used to train ML
models to make predictions of crop growth stage, soil moisture, and final yield.

Results: The exercise of processing this dataset resulted in four Cl components
that can be used to provide higher accuracy predictions in the agricultural
domain. These components included (1) a UAS imagery pipeline that reduced
processing time and improved image quality over standard methods, (2)
a tabular data pipeline that aggregated data from multiple sources and
temporal resolutions and aligned it with a common temporal resolution, (3)
an approach to adapting the model architecture for a vision transformer (ViT)
that incorporates agricultural domain expertise, and (4) a data visualization
prototype that was used to identify outliers and improve trust in the data.
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FIGURE 12
Confusion matrices representing ViT model results with precision, recall, and overall accuracy values. Growth stages V10-V12 and V13-VT have
been grouped into a single class.

6 Conclusion

In accordance with our land-grant university heritage, we
advocate that a vibrant community focused on contributing to
and using AgCI embodies the mission of land-grant universities
to promote agricultural research for the benefit of society. Other
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institutions across the world may have similar heritage and
traditions that provide similar motivations for advancing the field
of agriculture.

In summary, this paper articulates the importance of ML
applications in agriculture and highlights a data-centric approach
to building AgCIL. Along the way, it presents some specific
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FIGURE 13

Dashboard Screenshot showing (A) Map of a small-plot research field; (B) Time slider; (C) Dashboard figures; and (D) UAS image of selected plot.

approaches that improve data quality, reduce processing time,
increase ML model performance, and promote understanding and
trust through data visualization. This is all done in the context of
three interrelated valuable use cases in agriculture of soil moisture
estimation, growth stage estimation, and yield estimation.

We acknowledge that we have only shared learnings from
a narrow slice of agricultural use cases. While we have used
very tangible examples to illustrate our vision, our vision is
not limited to these examples. We believe there is much more
agricultural research happening that could be accelerated and be
more impactful with access to AgCI connected to an HPC backbone
that provides reusable components across data collection, model
architecture development, model training, and inference.

The World Wide Web, created as an open standard more than
30 years ago, became the de facto standard over other open and
proprietary networks, fundamentally transforming communication
and commerce. We draw this analogy because we believe that
advancements in ML are ushering in a similarly transformative era.
The advancements in ML show promise to be as impactful in the
future as the World Wide Web has been over the last 30 years.

We believe this pivotal moment calls for leadership and
approaches that develop practical and innovative solutions
by synthesizing agricultural domain expertise with the latest
advancements in CI and ML technical expertise. We hope that
the work presented here inspires discussion and collaboration
among various stakeholders (e.g., researchers, crop consultants,
farmers) so that the promise of ML in agriculture can be more fully
realized by capitalizing on advancements in the ML community
at large.
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