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Two Disciplines at Crossroads

Agriculture Computing
Second agricultural revolution shifted Early computing success in World War |,
from sustenance to business theoretical foundations; ENIAC
. Tractors with large booms
. Chemicals for field management Early business uses: Mainframes, HPC,
. Laborissues Programming languages, Moore’s Law &

Dennard Scaling, Minicomputers
Third agricultural revolution introduced

biological engineered of crops for Laptops, The Internet, Data Centers &
pest resistance and improved yield Smartphones, Cloud Computing
. Yield per hectare; efficiency . Democratization, data generation

. Increase arable land
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Digital Agriculture: The Hype
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Digital Agriculture: The Reality
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Digital Agriculture: The Reality

A -
< .| ¥Novel world-changing tech THEESW
‘il I)‘imb . UNIVERSITY
swanomasrocsne | FAttract early-stage investors o 5

- Path to impact is unclear

c +Convergent: Tackle big agricultural challenges

L) . National +Multiple disciplines combine to build technology and

© Y Seknce overcome obstacles

Foundation i .

3 - Requires large teams & personal sacrifice

c =

k=

oJ

L

(&)

| 9

©

P

Q +Build user communities BILL&

s +Develop trust for future tech ME%?PEAS
- Difficult to sustain innovation after early wins foundation

B
Early Deliverables & Immediate Impact

ICICLE §



Digital Agriculture: The Reality
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Digital Agriculture: Our Approach

- Multi-disciplinary teams are expensive; market may not support solutions in long term
- Translation is slow, cumbersome, ad-hoc
- "Herding cats" phenomena

ICICLE B

Our Research Agenda for Digital Agriculture Systems

Data Driven

—  Operate without human intervention

~ Resilient and reliable execution in diverse contexts
Democratized

— Highly accessible to technophiles and tech-agnostic

—  Trusted & Easy to use; humans teaming up with machines

— Extremely affordable: Delivered as a free service




ICICLE-Centric Digital Agriculture

Research Challenge: Be cost effective
- HW affects affordability

- Sensing and processing data using Al is computationally intensive

Research Challenge: Ag-Aware Design
- Trusted systems must consider the application domain

- Domain specific systems are harder to use, less affordable

Research Challenge: Evaluate in the Wild
- Resilience and reliability benefit from realistic tests

- Accessibility and affordability suffer under long development cycles

ICICLE gt



ICICLE Digital Agriculture High-Level Overview

EREE — How can we bridge the gap? --

Crop Health
Diagnosis Management

Interventions
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ICICLE Digital Agriculture High-Level Overview

Crop Health
Diagnosis

\

HPC-Enabled

Harvesting &
Preparation

~

Use-Inspired Cyberinfrastructure

From HPC to
the field:
Computing
Continuum

HPC for Ag Al
Data

End-to-end software workflows that democratize
access, use, and benefits of Al-driven digital agriculture

Management
Interventions
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ICICLE Workflow for Digital Agriculture
Crop Health Diagnosis ) y ]

Crop Management Corrective

Action

Selective
Spraying
Nitrogen Use
Efficiency
Yield
Estimation

Replant
Decisions
Mapping System
PPINg Sy Tillage Control
b) John Deere's See & Spray

Selective Sprayer

Partnerships
farmers, co-ops,

. ) Corn Growth and
institutes, etc.

Develapment

Issues for
Crop Health

Residue Cover
on Soil Surface

Soil Aggregate
Size

a) Drone Deploy's Crop Health

Crop growth stages

Crop a)

Development 1)) Njtrogen deficiency

Non-Uniform c) Crop expert Kelley Tilmon

Emergence

Integrated Crop
Management

il

Nitrogen
Deficiency

Defoliation

Crop Blight ' ; . ) ICICLE
rop Ig -

Partner
Engagement

ICICLE == DEMOCRATIZATION
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ICICLE Workflow for Digital Agriculture

Partnerships
farmers, co-ops,
institutes, etc.

Issues for
Crop Health

Residue Cover

Corrective

Action

Selective
Spraying
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Efficiency

Yield

on Soil Surface

Soil Aggregate
Size

Relevant

Agricultural Data
Crop

Development

Non-Uniform

Semi-Supervised
Emergence

- Preprocessing Labeling

Nitrogen
Deficiency

Defoliation

|
|
|
|
Image 1
Annotation I
Interactive Feedback
. |
with experts I

Crop Blight

Inference Across the
Computing Continuum

HPC for
Ag Al

(unseen) fields

Agriculture-

Inspired ,
Parallel & Trained Interactive

Distributed Classifier Heat Map
Model
Training

|
|
|
1 Data collected in new | In-Field Equipment
|
|
|

Geospatial
Processing
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ICICLE Workflow for Digital Agriculture

Partnerships Corrective
farmers, co-ops,
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Action
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ICICLE Digital Agriculture Reference Architecture

User Interface

Model Repository

Data Repository

Interactive
Labeling

Submit
inference job

Upload/dow
nload dataset

Upload/dow
nload model

Load Dataset Save Dataset Load Model Save Model

Common Data/Model Open OnDemand Plugin SSH-based Plugin Tapis-based Plugin
Movement Substrate
Receive Receive
Load/save Load/save Interactive Load/save Receive Load/Save Load/save Inference Load Inference
Dataset Dataset Labeling Dataset training job Model Dataset job. Model job
Data Readiness User-assisted Model Training Module Inference Module for Inference Digital Ag Module
Data Labeling for Digital Ag Optimization Module on Cloud/HPC for for Inference on
[— I """ o Module for Fully Supervised for Digital Ag Digital Ag Edge Devices
i Tihng Digital Ag - Vision: CNN/VIT —
EEEEEE LS Image labeling+ - Language: oae P
T ! Denoisi | Sampling: RNN/Transformers Quantization HF Accelerate Distributed
ext cnoising - Partial labeling - Tabular: MLP Model
ZoooIzooIs :I - Full labeling Execution
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'._ _ _%rf ______ ‘: Fine-grained(Image): - Vision: Hardware- L OpenVINO
- Bounding Box Fixmatch/Mixmatch specific torch distributed P
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| Visual Signal (:
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- [ Splitinto ! Video/Audio: Model Colossal AL
Input | Frames + Audio | | Distillation S
Types
Distributed nin ppo Distributed Inference Support
Pipeline
Parallelism
Sensors
(Ag equip)
Legend

Software module VO deliverable V1+2 deliverables Data repository action ~ Model repository action  Distributed support User Interface action




Collaborating with ICICLE
on Digital Agriculture
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ICICLE + Partnerships = Democratization

* The product you are developing uses the same machine learning technique that | use. Are we
competitors? If so, why should I collaborate?

* ICICLE is a partner. Our focus is novel cyberinfrastructure. We want to share our work with the
community. We also have capabilities to work confidentially with partners.

— Let's grow the pie by making digital agriculture technologies (including yours) more accessible than they
would be without intentional Cl design and development

ICICLE



Partners + ICICLE Reference Architecture = Use Cases

* During this talk, you showed some really cool products. | could have my students/staff replicate
the work or | could use your tools. How do | access them? Can you customize them?

* Throughout the presentation, we will refer to project leads associated with each product. You
can email:
— Project leads directly
— Scott Shearer, Chris Stewart, and Hari Subramoni (Digital Agriculture leads)
— Neelima Savardekar and DK Panda
*  Customizing products to your use case. Let's do it!

— As special partners, our sister Al institutes can send representatives to our digital agriculture meetings

to inform design and development directions

ICICLE



Partners + Data = Impact

| see that you have access to and are informed by real digital agriculture data. That's

great. But | have DATA (pronounced day-ee-tuh) and use cases that don't exactly match your

services.

Recall ICICLE seeks to build novel Cl for a wide range of digital agriculture use cases. Novel and

large datasets are welcome. We will help drive such projects directly:

Optimize machine learning pipelines (Hari)

Develop end-to-end workflows from diagnosis to intervention (Chris + Scott)
Optimize data management and data readiness workloads (Raghu)
Efficiently manage data movement across the cloud continuum (Spyros)

Contact: Scott Shearer, Chris Stewart, or Hari Subramoni (Digital Agriculture leads)

=  We will meet one-on-one and devise a plan to integrate your data




Data Driven + Use Inspired = Partner Driven

* Great services. Have you considered....

* Design insight: Our service-oriented architecture allows for AGILE software development
practices. When services are released, human resources are freed. We are constantly re-
prioritizing products and resources to build novel Cl for a wide range of digital agriculture uses.

* Come to a meeting, share your idea and let's discuss integration.

— Contact: Scott Shearer, Chris Stewart, or Hari Subramoni (Digital Agriculture leads)




HPC-Enabled Data Readiness
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Data Sources and Use Cases

®
SN
Domain Expert
Image and Data

CFAES Weather Labeling
Stations

Photosynthetic Active Radiation (PAR)
Canopy Temperature
Soil Moisture and Temperature

Soil Chemistry Testing

Ground Based Images

Machine
Learning
Use Cases

Growth Stage

Timing of in-
season treatments

Yield Estimation

Locking in grain
pricing

Soil Moisture

Quantifying
resilience to drought



Ort

nomosaic Creation

Data Collection

Crop growth observations

Data Preprocessing

Geotagged

Images

Orthomosaic creation is the biggest pain point in sUAS

processing

Plot Images
(1 image per plot)

Crop growth stage labels
(Manual observations)

Best case
1. Upload 10-20GB of images (~6 hours)
2. Run Pix4D Engine script (~4 hours)

Reality — 27 of 85 flights from 2023 still haven’t been
processed
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Orthomosaic Quali

Orthomosaic image

Original image




 CFAES
Our Approach

Use an approach called direct georeferencing based on sUAS orientation at time of image capture
to convert a PPK geotagged image directly to a georeferenced image (GeoTIFF) quickly without
loss of image quality. (Goal of minutes instead of days)

* Direct georeferencing has up to .8m error versus typical orthomosaic accuracy of 2-6cm.

* Enables reduced HPC processing time for training and allows for edge inference.

Existing orthomosaic image GeoTIFF images
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Winter Extension Meeting 3/6 in Newark, OH

Feedback from farmers

* General negativity towards expensive technologies

n «u

* However, a lot of interest in “better managing data”, “using
Al based insights”.

* \ery interested in in-season yield estimation




Distributed Semi-supervised Learning Pipeline

An sbatch script has been submitted to do the training the slurm id is 423048

Folder Upload
Choose File |No file chosen

Data Location:

/home/jani.36/harvest/harvest-datasets/
current status of job
423048 batch-bdw python_1 harvest R 0:15 1 gpu02

Comma seperated list of class labels:

Apple_Braeburn, Apple_Golden_1, Apple.

Learning Rate ' ' ‘ . . @ D
0.0001 =Y . W ‘ ‘ °
- Batch size ’ ‘ ’ ’ ’ ° 3
Labels per class ’ o . . . . @

25 . . - & . - @ Performace Stats: (‘accuracy: 0.875', ', precision: 0.9, ', recall: 0.875', ', f1:

0.8611111111111112, Total time: 1213.549697637558'")
epochs - @ Y 0 ‘ . &
2
Number of GPUs to run with: . ‘ . ' ' ‘ ‘ Download model here

S ®e (XXX XY
e (3

SSL algorithm:
[Vullysuperwsed V‘

Base Model:
| vit_base_patch16_224

Generate labeled dataset here

Access inference tool here

An sbatch script has been submitted to do the training the slurm id is 423046

ICICLE




Demo: Interactive Labeler
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https://youtu.be/DpGtjjBOYkA

HPC for AG Al
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Example Use Case: Crop Growth Stage Classification

Goal: Train a classifier to identifies growth stages
of crops in a field.

e  Data Pre-processing

—  Obtaining image crops of size 224x224 for
downstream training process

—  Exclude regions with blank pixels ([0,0,0])
during extraction process.

v weed_with_list

— Generated dataset consists of 26,153 non-
overlapping image crops

v complete_weed_data v dataset

= broadleaf_1.tif “ test
broadleaf_2.tif > broadleaf

= broadleaf_3.tif > grass

= broadleaf_4.tif > soil

= broadleaf_5.tif > soybean
broadleaf_6.tif
broadleaf_7.tif

e Directory Restructuring:

— Given a dictionary of images and a list of
labels, separate into labelled and unlabeled - Droadieat 8.1
broadleaf_9.tif > soybean

|mages { v unlabelled /0
teatt : : = broadieaf_1.tif

= broadleaf_2.tif
= broadleaf_3.tif
= broadleaf_4.tif
= broadleaf_7.tif
= broadleaf_9.tif
= broadleaf_10.tif
= broadleaf_11.tif

v train
> broadleaf
> grass

Directory with all images

> soil

— Generate training and validation sets from
labeled subset

24n49nu4s Auoyoauip Appau-uipd)

—  Automate the process of data directory
restructuring for model training

Image labels JSON file




16) with 23 classes both fully supervised and SSL.

* Trained using Vision Transformer (input size 224, patch
size

* Reasonable accuracy for both fully supervised and SSL
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Training Scheme #2: Bucketized Growth Stages

phase_northwest_corn_total

Frequency

o/
&£

LS

Class distribution of 5 bucketized growth

Training
method

Fully

o/
)

ES

v %
Gl

eSS

Names

phases

L
,
& 2

LS

. 0.88 0.89 0.88 0.88
Supervised
FixMatch

(#labels=150 0.89 0.89 0.91 0.9
per class)

Fully Supervised

Phase_1

Phase_2

Phase_3

Phase_4

Phase_5

Growth stages can be classified into 5 phases, so
that visually similar growth stages are bucketized

together.
This reduces the data imbalance.

It also improves the overall accuracy at the cost
of more coarse-grained classification.

537 57 0 0 0 phase 11 582 12 0 0 0

17 Phase_2 22

Phase_3 0

182

91 Phase_4

Semi-Supervised

0 0 2 108 508 Phase_5 0




Agriculture-Inspired Al

efficacy of machine learning techniques to characterize soybean defoliation from unmanned
aerial vehicles, Computers and Electronics in Agriculture, 2022 Funded, in part, by the Ohio Soybean Council

Is this a soybean

healthy field?

Image from Molly

Caren
Agricultural
Center, OSU's
2100 -acre
facility

ICICLE



Agriculture-Inspired Al

o Sub-problem: Are these healthy soybean?
o Soybean defoliation is

correlated with insects and

poor yield.

o Can we use Al to detect defoliation?

ICICLE B



Agriculture-Inspired Al

-Even with high-res images, classification is hard
* Multiple leaves in an image
- Overlapping leaves
- Shadows/Ground

Should we develop Al models that are tailored to
agricultural contexts or use off-the-shelf tools?

1 2 3 Are their specific usage scenarios in agriculture to
consider?

ICICLE B



Agriculture-Inspired Al

4-stage process for a study on the efficacy of machine learning for crop defoliation.

Data Collection ST Labe"'f‘g & Machine Learning Evaluation \
Data Extension /

-~ -

T ;I Training Data Trained Model
/ [<pixels>, <indexes>, label]
» 3‘* < Expert’s label - -
* 7 Healthy EE:'
fi Defoliated ML Algorithm
{random forest, kNN, CNN}

Y
Evaluation Criteria

A3
-

O Crop Field il
Waypoints {GPS)

- -- Flight Path Green index, Efficacy Study
Image Overlap NDVI, ...

éé %@@ Vegetation indices:
5% 10% 20% 30% 40% 50% ® EXG = (2 Xg)—b—r

. + LAE=LA/LE
Healthy Defoliated . LAl=LA/GA

ICICLE Bl ICICLE == Data Driven



We built and trained DefoNet, a neural network architecture, to
label severe defoliation in high-res aerial images

128@27x27 128@13x13

1x1024

64@54x54 64@27x27
32@108x108 32@54x54 f
108x108 -. \ ‘

'IQ::\.:: \ “‘x “x\
\_‘_ . EE—;-::
‘,\ I “ ‘\‘

\—Yé S (S

X2 X3 X3
Convolution Max-poaling Convolution Max-pooling Convolution Max-pooling Dense

ICICLE




Agriculture-Inspired Al

I need to spray areas with severe defoliation
Train for Precision means label uncertain areas as defoliated

| want to see the portions of my field that are defoliated
Train for Recall means focus on areas labeled with high confidence

= 20% M Precision B Recall
[]
b= o
§ 8 15%
== 10% "
w o
: Can be trained affordably.
o ()
= 0% 120 Training Time for DefoNet Model
()
Competing Al (VGG) Competing Al (Resnet) Our Al (DefoNet) 2 200 — e
S 180 :
S 160
2 140
S 120
?g,_ gg I_‘ |4.47x
@ 40 77.8
g 65.2
_ RecallwithLo-Res | | 73% £ HE & w
1 1 2 4 8 16
(RTX 2080 T1) #A100 GPUs
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Automatic Job Submitter

current status of job
423063 bdw-v100 python_1 harvest R 0:24 1 gpu12

The Job submitter takes information gained from the user and creates a
script that will be submitted to the HPC resource for training or

inference. While the job is in queue or running the user can see the status
of the job as shown in picture above through the Ul

ICICLE




Inference Across the Computing Continuum
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Accomplishments: Inference Across the Computing Continuum —
Workflow

®
Deep Learning Model
dh [ (DL Model Y e Somer |

ini Reposito
Training Team pository (Cloud or Edge)

[ Get DL model | =/ ) / Containerized \
o from repo Inference
dh Data + | - Backends
End User DL Model d
Web User Send Inference Request [ TVM Runtime
Interface
[ TensorRT
]%[ Fetch Inference Result
- [ PyTorch

Result \ J

Visualization \ y \ /

ICICLE




Accomplishments: Inference Across the Computing
Continuum - Updates

1. Containerized Inference Environment Deployment:
— Successfully deployed containerized inference environments on edge computers and ICICLE servers.
2. Web-Based Inference Ul Development:

— Created a user-friendly web interface allowing end users to upload datasets, models, execute inferences,
and visualize results.

3. Vision Model Inference Workflow:
— Engineered a specialized workflow supporting vision models like ViT and ResNet.

4. Inference Backend Support:
— Implemented compatibility with PyTorch, TensorRT, and TVM runtime for diverse inference backends.
— Initial support added for quantized model inference via TensorRT.

5. Inference Throughput Profiling:

— Introduced preliminary support for profiling inference throughput, laying the groundwork for Q2
characterization analysis.

ICICLE B



Accomplishments: Inference Demo

< G © 12700150

sCI4DDA Inference Demo

Model to use:
ViT-Tiny
Upload images for inference:

Cheoose File Mo file chosen

Backend for inference:

Start inference

Click here

ICICLE gt


https://youtu.be/bjFMl5yq35w

Demo: End User Visualization
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https://youtu.be/2v6vvYy_USk

ICICLE Digital Agriculture Reference Architecture

User Interface

Model Repository

Data Repository

Interactive
Labeling

Submit
inference job

Upload/dow
nload dataset

Upload/dow
nload model

Load Dataset Save Dataset Load Model Save Model

Common Data/Model Open OnDemand Plugin SSH-based Plugin Tapis-based Plugin
Movement Substrate
Receive Receive
Load/save Load/save Interactive Load/save Receive Load/Save Load/save Inference Load Inference
Dataset Dataset Labeling Dataset training job Model Dataset job. Model job
Data Readiness User-assisted Model Training Module Inference Module for Inference Digital Ag Module
Data Labeling for Digital Ag Optimization Module on Cloud/HPC for for Inference on
[— I """ o Module for Fully Supervised for Digital Ag Digital Ag Edge Devices
i Tihng Digital Ag - Vision: CNN/VIT —
EEEEEE LS Image labeling+ - Language: oae P
T ! Denoisi | Sampling: RNN/Transformers Quantization HF Accelerate Distributed
ext cnoising - Partial labeling - Tabular: MLP Model
ZoooIzooIs :I - Full labeling Execution
Segmentation | Semi-Supervised:
'._ _ _%rf ______ ‘: Fine-grained(Image): - Vision: Hardware- L OpenVINO
- Bounding Box Fixmatch/Mixmatch specific torch distributed P
© 71‘ ; ;njs}{;xr_x;t; - | - f:irll(lentatmn - VisiontLanguage: CLIP ntimizations
| Visual Signal (:
Tabular TTTTIIIIIIiL,
- [ Splitinto ! Video/Audio: Model Colossal AL
Input | Frames + Audio | | Distillation S
Types
Distributed nin ppo Distributed Inference Support
Pipeline
Parallelism
Sensors
(Ag equip)
Legend

Software module VO deliverable V1+2 deliverables Data repository action ~ Model repository action  Distributed support User Interface action




ICICLE Digital Agriculture — List of Technologies

Data Repository

Data Readiness Data Movement u“f assisted qa!,a
Module | Substrate Iabelllr:‘fozrzﬁetsralnlng
et —x .
Qwingtra | = 375 | () PyTorch
VA 4 lapis
PIX4D aws Semilearn
| -
@ ) Google Cloud Pydeck :‘L:l:@
ArcGIS
A - GeoPandas
S
openstack.

’

Model Repository

Inference on Edge and Stakeholder Engagement User

cloud! HPC module

&

docker

O PyTorch

—
—_—
—

-
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Interface
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Team Members

o Overall Leads
—  Chris Stewart
—  Hari Subramoni
—  Scott Shearer
o Area Leads
—  Data Readiness
e Raghu Machiraju and Luke Waltz
—  Distributed Model Training
e  Mustafa Abduljabbar
— Inference Across the Computing Continuum
e Aamir Shafi
- Data Movement Substrate
e Spyros Blanas
—  Stakeholder Engagement
e Matt Lieber
- BIBN
e  Chris Stewart
—  Reference Architecture
e Aamir Shafi
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- Hari Subramoni

- Scott Shearer

. Area Leads

_ Data Readiness Rrovjiderdirect feedbacltonidevelopment
e Raghu Machiraju and Luke Waltz

Distributed Model Training pla nS, prOd UCtS, priOrities

e Mustafa Abduljabbar
Inference Across the Computing Continuum
e Aamir Shafi
Data Movement Substrate C O n ta Ct -
e Spyros Blanas
Stakeholder Engagement
e Matt Lieber
BIBN
e  Chris Stewart
Reference Architecture

e Aamir Shafi
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