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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 su�ciently

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 (CI), 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 CI 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

andmultispectral), as well as soil andweather 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 CI 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

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 AgCI. 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 anHPC 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.

Data availability statement

The raw data supporting the conclusions of this article will be

made available by the authors, without undue reservation.

Author contributions

LW: Conceptualization, Data curation, Formal analysis,

Funding acquisition, Investigation, Methodology, Project

administration, Resources, Software, Supervision, Validation,

Visualization, Writing – original draft, Writing – review &

editing. SK: Data curation, Methodology, Software, Supervision,

Writing – review & editing. CH: Conceptualization, Data curation,

Methodology, Software, Visualization, Writing – review & editing.

AA: Data curation, Methodology, Software, Visualization, Writing

– review & editing. JC: Data curation, Methodology, Software,

Visualization, Writing – review & editing. AP: Conceptualization,

Data curation, Methodology, Software, Writing – review & editing.

TD: Conceptualization, Data curation, Methodology, Supervision,

Writing – review & editing. CP: Data curation, Software, Writing

– review & editing. JE: Data curation, Software, Writing –

review & editing. CS: Conceptualization, Project administration,

Writing – review & editing. HS: Conceptualization, Project

administration, Writing – review & editing. SS: Conceptualization,

Writing – review & editing. RM: Conceptualization, Funding

acquisition, Project administration, Writing – review & editing.

OO: Conceptualization, Data curation, Funding acquisition,

Methodology, Project administration, Supervision, Writing –

Frontiers in Artificial Intelligence 15 frontiersin.org

https://doi.org/10.3389/frai.2024.1496066
https://www.frontiersin.org/journals/artificial-intelligence
https://www.frontiersin.org


Waltz et al. 10.3389/frai.2024.1496066

review & editing. LL: Conceptualization, Funding acquisition,

Project administration, Supervision, Writing – review &

editing, Data curation, Methodology. AN: Conceptualization,

Funding acquisition, Project administration, Supervision,

Writing – review & editing. SK: Conceptualization, Funding

acquisition, Project administration, Supervision, Writing – review

& editing.

Funding

The author(s) declare financial support was received for

the research, authorship, and/or publication of this article.

This work was funded by (1) Nationwide AgTech Innovation

Hub, a collaboration between Nationwide Mutual Insurance

Company, Ohio Farm Bureau and The Ohio State University

College of Food, Agricultural, and Environmental Sciences, (2)

Intelligent Cyberinfrastructure for Computational Learning in

the Environment (ICICLE) institute funded by the National

Science Foundation (NSF) under grant number OAC-2112606,

(3) OSU Graduate School Fellowship programs, including

Diversity University and ENGIE-AXIUM Fellowships, (4) Ohio

Soybean Council under grant number OSC 22-R-34, (5) Hatch

Project (NC1195), and (6) Research and Graduate Education

Internal Grants–Immediate Needs Program. The Ohio State

University College of Food, Agricultural, and Environmental

Sciences.

Acknowledgments

The authors would like to thank visiting scholars, graduate

students, and the farm managers (Lynn Ault, Joe Davlin, and Matt

Davis, and their teams at each research site for executing these

small-plot research trials) for their support in collecting the data

that went into this study.

Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.

The author(s) declared that they were an editorial board

member of Frontiers, at the time of submission. This had no impact

on the peer review process and the final decision.

Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.

References

Beauxis-Aussalet, E., Behrisch, M., Borgo, R., Chau, D. H., Collins, C., Ebert, D., et
al. (2021). The role of interactive visualization in fostering trust in AI. IEEE Comput.
Graph. Appl. 41, 7–12. doi: 10.1109/MCG.2021.3107875

Burwood-Taylor, L. (2023). BREAKING: Alphabet brings agtech startup out of stealth
with data from 10% of world’s farmland, 3 major customers. AgFunderNews.

Chandra, R., Swaminathan, M., Chakraborty, T., Ding, J., Kapetanovic, Z., Kumar,
P., et al. (2022). Democratizing data-driven agriculture using affordable hardware. IEEE
Micro 42, 69–77. doi: 10.1109/MM.2021.3134743

Collins, J. C. (2001). Good to great: why some companies make the leap
..., others don’t, 1st Edn. New York, NY: HarperCollins Publishers Inc.
doi: 10.24260/alalbab.v1i1.18

Fehr, W. R., Caviness, C. E., Burmood, D. T., and Pennington, J. S. (1971). Stage
of development descriptions for soybeans, Glycine max (L.) Merrill 1 . Crop Sci. 11,
929–931. doi: 10.2135/cropsci1971.0011183X001100060051x

Gadiraju, K. K., Ramachandra, B., Chen, Z., and Vatsavai, R. R. (2020). “Multimodal
deep learning based crop classification using multispectral and multitemporal
satellite imagery," in Proceedings of the 26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining (Virtual Event, CA: ACM), 3234–3242.
doi: 10.1145/3394486.3403375

Gardezi, M., Joshi, B., Rizzo, D. M., Ryan, M., Prutzer, E., Brugler, S., et al. (2024).
Artificial intelligence in farming: Challenges and opportunities for building trust.
Agron. J. 116, 1217–1228. doi: 10.1002/agj2.21353

Han, K., Wang, Y., Chen, H., Chen, X., Guo, J., Liu, Z., et al. (2023). A
survey on vision transformer. IEEE Trans. Pattern Anal. Mach. Intell. 45, 87–110.
doi: 10.1109/TPAMI.2022.3152247

Hanway, J. J. (1963). Growth Stages of Corn (Zea mays, L.)
1 . Agron. J. 55, 487–492. doi: 10.2134/agronj1963.00021962005500
050024x

J, A. P. and Gopal, G. (2019). Data for: Identification of plant leaf diseases using a
9-layer deep convolutional neural network. doi: 10.17632/tywbtsjrjv.1

Kapetanovic, Z., Vasisht, D., Won, J., Chandra, R., and Kimball, M. (2017).
Experiences deploying an always-on farm network. GetMobile: Mob. Comput.
Commun. 21, 16–21. doi: 10.1145/3131214.3131220

Khanal, S., Kc, K., Fulton, J. P., Shearer, S., and Ozkan, E. (2020). Remote sensing in
agriculture—accomplishments, limitations, and opportunities. Remote Sens. 12:3783.
doi: 10.3390/rs12223783

Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2012). “Imagenet classification with
deep convolutional neural networks," in Advances in Neural Information Processing
Systems, Volume 25, eds. F. Pereira, C. Burges, L. Bottou, and K. Weinberger (Red
Hook, NY: Curran Associates, Inc).

Lindsey, L. E., Tilmon, K., Michel, A., and Dorrance, A. (2017). “Soybean
production," inOhio Agronomy Guide, Volume 472 of Bulletin, 15th Edn, eds. L. E.
Lindsey, and P. R. Thomison (Columbus, OH: The Ohio State University Extension),
56-68.

McMaster, G., and Wilhelm, W. (1997). Growing degree-days: one equation, two
interpretations.Agric. For. Meteorol. 87, 291–300. doi: 10.1016/S0168-1923(97)00027-0

MLCommons (2024).New croissant metadata format helps standardize mL datasets.
MLCommons. Available at https://mlcommons.org/2024/03/croissant_metadata_
announce/ (accessed September 13, 2024).

Nielsen, R. L. (2022). Hybrid maturity decisions for delayed planting. Purdue
University. Available at https://www.agry.purdue.edu/ext/corn/news/timeless/
hybridmaturitydelayedplant.html (Accessed on September 11, 2024).

Ransom, C. J., Clark, J., Bean, G. M., Bandura, C., Shafer, M. E.,
Kitchen, N. R., et al. (2021). Data from a public-industry partnership for
enhancing corn nitrogen research. Agron. J. 113, 4429–4436. doi: 10.1002/agj2.
20812

Raturi, A., Thompson, J. J., Ackroyd, V., Chase, C. A., Davis, B. W., Myers, R., et
al. (2022). Cultivating trust in technology-mediated sustainable agricultural research.
Agron. J. 114, 2669–2680. doi: 10.1002/agj2.20974

Ries, E. (2011). The Lean Startup: How Today’s Entrepreneurs Use Continuous
Innovation to Create Radically Successful Businesses. New York, NY: Crown Publishing
Group.

Sohn, K., Berthelot, D., Li, C.-L., Zhang, Z., Carlini, N., Cubuk,
E. D., et al. (2020). “FixMatch: simplifying semi-supervised learning
with consistency and confidence," in Advances in Neural Information
Processing Systems, volume 33 (Red Hook, NY: Curran Associates, Inc),
596–608.

Frontiers in Artificial Intelligence 16 frontiersin.org

https://doi.org/10.3389/frai.2024.1496066
https://doi.org/10.1109/MCG.2021.3107875
https://doi.org/10.1109/MM.2021.3134743
https://doi.org/10.24260/alalbab.v1i1.18
https://doi.org/10.2135/cropsci1971.0011183X001100060051x
https://doi.org/10.1145/3394486.3403375
https://doi.org/10.1002/agj2.21353
https://doi.org/10.1109/TPAMI.2022.3152247
https://doi.org/10.2134/agronj1963.00021962005500050024x
https://doi.org/10.17632/tywbtsjrjv.1
https://doi.org/10.1145/3131214.3131220
https://doi.org/10.3390/rs12223783
https://doi.org/10.1016/S0168-1923(97)00027-0
https://mlcommons.org/2024/03/croissant_metadata_announce/
https://mlcommons.org/2024/03/croissant_metadata_announce/
https://www.agry.purdue.edu/ext/corn/news/timeless/hybridmaturitydelayedplant.html
https://www.agry.purdue.edu/ext/corn/news/timeless/hybridmaturitydelayedplant.html
https://doi.org/10.1002/agj2.20812
https://doi.org/10.1002/agj2.20974
https://www.frontiersin.org/journals/artificial-intelligence
https://www.frontiersin.org


Waltz et al. 10.3389/frai.2024.1496066

Taheri, J., Dustdar, S., Zomaya, A., and Deng, S. (2023). Edge Intelligence:
From Theory to Practice. Cham: Springer International Publishing.
doi: 10.1007/978-3-031-22155-2

Thomison, P. R., Michel, A., Tilmon, K., Culman, S., and Paul, P. (2017). “Corn
production," in Ohio Agronomy Guide, Volume 472 of Bulletin, 15th Edn. eds L. E.
Lindsey, and P. R. Thomison (Columbus, OH: The Ohio State University Extension),
32–55.

Ur Rehman, M. H., Yaqoob, I., Salah, K., Imran, M., Jayaraman, P. P.,
Perera, C., et al. (2019). The role of big data analytics in industrial internet
of things. Future Gener. Comput. Syst. 99, 247–259. doi: 10.1016/j.future.2019.
04.020

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., et
al. (2017). “Attention is all you need," in Advances in Neural Information Processing

Systems, Volume 30, eds. I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S.
Vishwanathan, et al. (Red Hook, NY: Curran Associates, Inc).

Waltz, L., Katari, S., Dill, T., Porter, C., Ortez, O., Lindsey, L., et al. (2024). “A growth
stage centric approach to field scale yield estimation for corn leveraging machine
learning methods from multimodal data," in Proceedings of the 16th International
Conference on Precision Agriculture (unpaginated, online) (Monticello, IL: International
Society of Precision Agriculture).

Wang, R., Kon, H., andMadnick, S. (1993). “Data quality requirements analysis and
modeling," in Proceedings of IEEE 9th International Conference on Data Engineering
(Vienna: IEEE Comput. Soc. Press), 670–677. doi: 10.1109/ICDE.1993.344012

Whang, S. E., Roh, Y., Song, H., and Lee, J.-G. (2023). Data collection and quality
challenges in deep learning: a data-centric AI perspective. VLDB J. 32, 791–813.
doi: 10.1007/s00778-022-00775-9

Frontiers in Artificial Intelligence 17 frontiersin.org

https://doi.org/10.3389/frai.2024.1496066
https://doi.org/10.1007/978-3-031-22155-2
https://doi.org/10.1016/j.future.2019.04.020
https://doi.org/10.1109/ICDE.1993.344012
https://doi.org/10.1007/s00778-022-00775-9
https://www.frontiersin.org/journals/artificial-intelligence
https://www.frontiersin.org

