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UF FiORIDA What is Artificial Intelligence?

* Brittanica: artificial intelligence, the ability of a
digital computer or computer-controlled robot to
perform tasks commonly associated with
intelligent beings.

* IBM: at its simplest form, artificial intelligence is a
field, which combines computer science and
robust datasets, to enable problem-solving.

* Wikipedia: artificial intelligence is the intelligence
of machines or software, as opposed to the
intelligence of humans or animals.
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Artificial Intelligence Timeline
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Rockwell Anyoha, 2017. The History of Artificial Intelligence. Blog, Special Edition on
Artificial Intelligence. https://sith.hms.harvard.edu/flash/2017/history-artificial-
intelligence/
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This was a massive week for Al

By Samantha Kelly, CNN

@ 5 minute read - Published 4:00 PM EST, Sat November 11, 2023
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UF FIORIDA CNN: November 11, 2023

Business [/ Tech

This was a massive week for Al

By Samantha Kelly, CNM
@ & minute read - Published 4:00 PM EST, Sat November 11, 2023

— OpenAl hosted its first developer conference about a year
after the launch of ChatGPT.

— GPT-4 Turbo, the latest version of the technology that
powers ChatGPT; it now can support input that’s equal to
about 300 pages of a standard book, about 16 times longer
than the previous iteration.

— Elon Musk’s Al startup xAl unveiled a chatbot called Grok
for some users of X, which he suggested has a sarcastic
sense of humor similar to his own.

— Humane, a startup founded by former Apple employees,
introduced its first Al wearable device called the Ai Pin.
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UF announces $70 million
artificial intelligence partnership

Artist's rendering of University of Florida's new Al supercomputer based on NVIDIA DGX
SuperPOD architecture.
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UF announces $70 million
artificial intelligence partnership

Wlt h N VI D | A New UF building to act as hub for artificial intelligence, data

e science
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Artist's rendering of University of Florida's new Al supercomputer based on NVIDIA DGX
SuperPOD architecture.
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A symposium to share understanding and approaches to predict crop
performance, accounting for Genotype by Environment by Management
(GxExM) Interactions: Considering Breeder, Agronomist and Farmer
Perspectives.

EVENT INFORMATION

Following on from the success of the
2022 symposium held in Brisbane,
Australia, we are coordinating a second
symposium designed to encourage an
open and shared understanding of the
importance of GxExM interactions for
improving the sustainability of
cropping system productivity.

The symposium will be hosted ina
hybrid mode, with a combination of
limited on-site participation and free
online participation.

The presentations and discussions
during the symposium will be recorded
(whenever permission is granted) and
made available online, toimprove
accessibility for all participants.

The organizers encourage anyone with
an interest in any topics relevant to the
investigation of GXExM interactions to
consider participating.

If you have any questions about the
format of the meeting or your potential
for involvement, please contact
admin@plantsuccess.org.

Monday 6 and Tuesday 7
Movember, 2023

9:00am - 5:00pm

The University of Florida,
Gainesville, USA and online

Submit an EQI to participate
at bit.ly/GEM-2-EOI

SOC®

GXExM BACKGROUND

The potential importance of GxExM
interactions has been considered for
many performance properties of
agricultural systems. There are
complex and growing pressures acting
upon the global crop systems on which
we depend for our livelihoods.

Universally, significant yield gaps have
been identified between potential and
realised on-farm crop productivity for
most crop systems. Further, the
sustainability of the current and
required levels of crop productivity to
meet the expectations of future needs
are continually questioned.

The challenges are diverse, complex
and multi-faceted. Crop breeders seek
to utilise available genetic resources to
develop improved cultivars.

GEM II: November 6 and 7, 2023

Crop agronomists seek to define
agronomic management practices that
will work for the improved cultivars.

Farmers seek to combine the improved
cultivars with appropriate agronomic
practices to achieve a target on-farm
productivity while balancing short and
long-term risks and rewards.

There have been and continue to be
many calls for integrated efforts.

There are successful examples of
integrated efforts between breeders,
agronomists in partnership with
farmers. A number of such efforts have
emphasised the importance of
considering the potential influences of
GxExM interactions at multiple levels
within the crop systems.

Local Organiser: Professor Charlie Messina
International Organiser: Professor Mark Cooper

Supported by:

UNIV E.RSI% D e . EéFEﬁéELLENcemu
UF [FLORIDA (g PiAtsteeess,
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OprTIMAL CONTROL AND NEURAL NETWORKS APPLIED

TO PEANUT IRRIGATION MANAGEMENT

R. W. McClendon, G. Hoogenboom, I. Seginer

Ron McClendon, early pioneer in Al &

ABSTRACT. A method was developed to capture the results of a computationally intensive irrigation optimization routine
through the use of neural networks. The PNUTGRO peanut crop growth simulation model was modified and incorporated
into a routine to search for optimal irrigation decisions using the Sequential Control Search approach. The daily
environmental conditions and crop state variables associated with these optimal irrigation sequences were used to train a

neur.
irrig
polic
Keyy

offer
man:
of tt
(Trrig
facin
to be
the

mani
crop
decis
used
study
retur
thres
(ASY
used
using
cons
amot
whic
weat
the e

A
appro
Div. o

the U
Scien
only a

Profes
Profes
Georg
Agrici
autho
and

VoL. 39(1):275-279

ESTIMATION OF AFLATOXIN CONTAMINATION IN PREHARVEST PEANUTS
USING NEURAL NETWORKS

R. S. Parmar, R. W. McClendon, G. Hoogenboom, P. D. Blankenship, R.J. Cole, J. W. Dorner

ABSTRACT. The p ion and
the factors involved in the

of aflatoxin

of preharvest peanuts requires the identification of
of the effects of those factors on contamination

process and the

levels. The objectives of our study were to examine the variables that affect the contamination process and to develop a
model 1o estimate contamination levels. Artificial neural networks and linear regression models were identified as

1o model the

levels. Seven years of preharvest peanut aflatoxin data were used o

dnelnp and evaluate the models. The data were randomly divided into a training set and a test set for the artificial neural
network model. Artificial neural networks were developed using various network architectures and combinations of

variables as network inputs.

The inputs considered were: soil temperature, drought duration, crop age, and accumulated heat units. The
accumulated heat units were computed based on threshold soil temperatures ranging from 23 to 29°C. The
backpropagation algorithm with a logistic activation function for hidden and output nodes and three layers of nodes were
selected as the internal neural network parameters. The most accurate results with the artificial neural network were
achieved when the threshold soil temperature to compute accumulated heat units was set to 25°C and all four variables
were included as inputs in a network with eight hidden nodes. The R?-values for the training and the test sets were 0.9250
and 0.9522, respectively. Stepwise linear regression was also applied to develop a regression model for estimating
aflatoxin values. The regression model was developed and evaluated for the same data sets used for the development and
evaluation of the neural network model. The highest R?-values of 0.822 and 0.809 for the training and test sets,
respectively, were achieved with the regression model when all four variables were selected as input factors and
accumulated heat units were computed using a threshold temperature of 29°C. This study showed that artificial neural
networks can be used to estimate aflatoxin contamination in peanus. The artificial neural networks also performed better

than stepwise linear

flatoxin contamination of peanuts is a
recognized problem and has an adverse
economic impact on the peanut industry.
Aflatoxin ingestion by animals causes
aflatoxicosis, a disease which produces acute necrosis,
cirrhosis, and carcinoma of the liver (U. S. Food and Drug
Administration Center for Food Safety and Applied
Nutrition, 1992). It is assumed that humans are similarly

Aticle has been reviewed and approved for publication by the
Information & Elecirical Technologies Div. of ASAE. Presented as ASAE.
Paper No. 94-3562.

“This project was funded in part by a cooperative agreement with the
USDA-ARS National Peanut Research Laboratory, Dawson, Georgia, and
by State and Hatch funds allocated to Georgia Agricultural Experiment
Stations Hatch Projects GEOQ0717 and GEOO1446. Trade names and
company names are included for the benefit of the reader and do not imply
any endorsement or preferential treatment of the product by the University
of Georgia or the USDA-ARS.

“The authors are Rajbir S. Parmar, ASAE Member Engineer, Research
Engincer, Ronald W. McClendon, ASAE Member Engineer, Professor,
Biological and Agricultural Engincering Department, University of Georgia,
Athens; Gerrit Hoogenboom, ASAE Member Engineer, Associate
Professor, Biological and Agricultural Engincering Department, University
of Georgia, Griffin; Paul D. Blankenship, ASAE Member Engineer,
Agricultural Engineer, R. J. Cole, Microbiologist, and J. W. Dorner,
Microbiologist, USDA-ARS, National Peanut Research Laboratory,
Dawson, Georgia. Corresponding author: Ronald W. McClendon, Biol.
and Agric. Engineering Dept., Driftmier Engineering Center, University of
Georgia, Athens, GA 30602; tel: (706) 542-0882; fax: (706) 542-8806; c-
‘mail: <rwmc@bae.uga edu>.

eywords. Peanuts, Aflatoxin, Neural network.

affected as no animal species are resistant (o the acute
effects of aflatoxins. Susceptibility o the chronic and acute
toxicity of aflatoxins depends upon several environmental
factors such as exposure level, duration of exposure, age,
health, and nutritional status of diet.

Several biotic and abiotic factors are involved in the
process of aflatoxin contamination of peanuts. This
contamination can occur before and after harvesting,
however, the extent of preharvest contamination is greater
than that o' post-harvest contamination (Cole, 1989). Under
certain the fungi Aspergillus flavus
and A. parasiticus develop in peanuts prior "to harvest and
result in aflatoxin A series of
conducted at the National Peanut Research Laboratory at
Dawson, Georgia, has established the importance of soil
temperature and drought on aflatoxin contamination of
preharvest peanuts (Cole et al., 1985; Hill et al., 1983;
Sanders et al.,, 1985). Late season drought (4 to 6 weeks
before harvesting) and elevated soil temperatures (28.0 to
30.5°C) constitute favorable conditions for contamination in
undamaged peanut kernels (Cole et al., 1985).

Although soil temperature and late season drought have
been recognized as major factors leading 1o aflatoxin
contamination of preharvest peanuts, their effects on the
contamination levels have not been completely quantified.
Thai et al. (1990) developed a model to predict aflatoxin
contamination of preharvest peanuts by approximating the
contamination process with a first-order kinetics model that

Transactions of the ASAE

VoL. 40(3):809-813
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NEURAL NETWORK MODELS FOR PREDICTING FLOWERING AND
PHYSIOLOGICAL MATURITY OF SOYBEAN

D. A. Elizondo, R. W. McClendon, G. Hoogenboom

MEMBER
ASAE

MEMBER
ASAE

ABSTRACT. It is lmpommt far - Jarmers to know when varxous plant development stages occur for making appropriate and
i mode

timely crop Although

envir

is have been developed to simulaie plant growth
and development these models have not always beer very accurate in predicting plant development for a wide range of
The objective of this study was to develop a neural network model to predict flowering and

physiological maturity for soybean (Glycine max L. Merr.}. An arnﬁaal neural network is a computer software system

consisting of various simple and highly inter

i studies d

d pr similar to the neuron strucrure found in the
huanan brain. A neural network model was used because it has the ca
of rafller Iarge and complex da.ra bases. For this study, field-obse

d in Gainesville and Quincy, Florid:
con.udered  for the neural neiwork model were daily maximum and m.
planting or days after flowering. The data sets were split into traini
sets 1o test the models. The average relative error of the test data se
(n = 21, R? = 0.987) and for date of physiological maturity predicn
concluded from this study that the use of neural network models to ¢

ELSEVIER

promising and needs to be explored further. Keywords. Neural netwc

ccurate predictions of plant growth and
development are useful in crop management by

are ap
temper

allowing the grower to optimize the scheduling Sev

of field operations and to maximize net returns.

predict

These

ive d

The vegetative and

start as early as plammg when the seed gtrmmaws, and
these processes terminate at harvest maturity. The primary
weather variable which controls plant development is
temperature. In addition, photoperiod or the length of the
daily light period can also affect reproductive development
of certain species. Current simulation models have
difficulty predicting development correctly for diverse

enviro
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calcuk
funetic
Their 1
daylen

David Elizondo®, Gerrit Hoogenboom*'
*Artificial Intelligence Programs, University of Georgia, Athens, GA 30602, USA
Depariment of Biological and Agricultural Engineering, University of Georgia, Georgia Station. Griffin.
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Development of a neural network model to predict daily

solar radiation

b R.W. McClendon®

GA 30223-1797, USA

“Department of Biological and Agricultural Engineering, University of Georgia, Athens, GA 30602, USA
Received 3 September 1993; revision accepted 29 December 1993

‘World Academy of Science, Enginsering and Technology
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Solar Radiation Time Series Prediction
(Cameron Hamilton, Walter Potter, Gerrit Hoogenboom, Ronald McClendon, Will Hobbs

Absiraci—A model wes constructed to predict fhe amount of
solar radiarion that will make contact with the surfacs of the earth in
2 given location an hour into the future. This project was supported
by the Southern Company 1o determine at what spacific times during
2 gven day of the year salar pansls could be relied upon to producs
enerzy in sufficient quandties Due to their sbility as wniversal
function spproximstors, an arificial newral petwork was wsed fo
sstimate the nonlinesr pattern of solar radiation, winch wilzed
‘messurements of weather conditions collected at the Griffn, Gearzia
westher station as inpats. A number of nstwork comfigurations and
trwining strategies were utilized, though & multlayer perceptron with,
a vaziery of hidden modes mained with the resilient propagation
algorithm consistently yielded the most accurste predictions. In
sddition, o modeled direct normsl imadiance fisld and adjacent
weather station data were usad fo belster prediction accuracy. In later
wials, the solar radistion field was preprocessed with a discret
wavele trnsform with the aim of removing mcise from fhe
measurements. The current model provides predictions of solar
‘Tadiation with 2 menn square error of 0.0042, though ongoing efforss
are being made o further improve the model's sccuracy.

Keywords—Artficial Neurs] Neswerks, Resilient Propaation,
Solar Radiation, Time Series Forecasting

L INTRODUCTION
HE ability to predict how 3 quansity will change m the
futwre iz 2 vahuzble ability to have, 23 doing so can enzble
the interested parties to plan accordingly. For instance
accurately predicting how stock prices will evalve can help
mvestors to reduce nsk in thew mvestments and maximze
their payoffs. Likewise, predicting commodity prices can help
bus: s know when to purchase certain items in bulk and

given year or fhe amonnt of energy that can be produced from
a

panel [21-[3]. One common model for solar radiation
prediction is an artificial neural network (for examples, see
[4]6]). 25 these petworks serve as umiversal function
approxmmators [7].Although other models and techniques exist
for time series prediction such 35 support vector machimes
(SVM), hidden Markov models (HMM), dynzmic Bayesian
networks (DBN). and autoregressrve integrated mowving
average (ARIMA) models, artificial nenral natworks (ANNs)
have the advantage of accepting multiple data fields as input,
rather than being limited to univariate input. Furthermore,
ANMs are ly customizable in how the network can be
confizured (e.g. how many hidden layersinodes, feedforward
vs. recurrent, etc.) and can thus be talored to a speafic
problem more readily. As solar radistion is influenced by 3
mumber of environmental and atmospheric conditions, an
ANN was selected 35 the most appropriate model for fhe
current study.

Direct nommal iradiance (DNI) is the amownt of solar
radiation that will make contact with a given area under
cloudless sky conditions [$]. As the actual amount of solar
radiation that is measwed locally has been subjected to
emviromments] factors (ez cloud coverage, atmospheric
gases) before it is measured, DNI can serve as a point of
comparizon when analyzing radiztion data. Thus, DNI
appears to be 3 weful feld to train 2z atificial neural network
with for the sake of predicting the actual amount of solar
radiation, as the two fislds should be strongly comelated The
present model utilizes a modeled DNT field in conjunction
with measured solar radiation, i order to predict solar

dation models which predict growth, development, and yield of agro-
crops require daily weather data as input. One of these inputs is daily
ich in many cases is not available owing to the high cost and complexity
needed to record it. The aim of this study was to develop a neural
an predict solar radiation as a function of readily available weather
nental variables. Four sites in the southeastern USA, i.e. Tifton, GA,
le, FL, and Quincy, FL, were selected because of the existence of long-
sets which included solar radiation. A combined total of 23 complete
'ts were available, and these data sets were separated into 11 years for
1 12 years for the testing data set. Daily observed values of minimum
serature and precipitation, together with daily calculated values for
7 radiation, were used as inputs for the neural network model. Day-
iation were calculated as a function of latitude, day of year, solar angle,
sptimum momentum, learning rate, and number of hidden nodes were
use in the development of the neural network model. After model
1 network model was tested against the independent data set. Root
d from 2.92 to 3.64 MJ m™2 and the coefficient of determination varied
» individual years used to test the accuracy of the model. Although this
was developed and tested for a limited number of sites, the results
sed to estimate daily solar radiation when measurements of only daily
n air temperature and precipitation are available.

4 - Elsevier Science B.V. All rights reserved
i9-B
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Why Crop Models (and not Al)?

* Traditional agronomic approach:
— Experimental trial and error
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UF [FLORIDA
Why Models?

* Traditional agronomic approach:
— Experimental trial and error

* Systems Approach
— Computer models
— Experimental data

* Understand &% Predicti& Control & Manage
— (H. Nix, 1983)

* % Options for adaptive management, risk
reduction, and short- and long-term

economic and environmental sustainability
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Systems Approach

Research for Problem Solving
Understanding
Control/

J—
Model Management/
/DevelopmenNA Decision Support

Research Model DeS|gn
\ \ Application/
Increased Predlctlon Analysis
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Test Predictions
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What is an agricultural or crop

model?

* Crop simulation models integrate the
current state-of-the art scientific
knowledge from many different disciplines,
iIncluding crop physiology, plant breeding,
agronomy, agrometeorology, soil physics,
soil chemistry, soll fertility, plant pathology,
entomology, economics and many others.



UF FL.ORIDA Why Models ?

Models and Decision Support
Systems

* To provide advisories, big data products,
science-based models and decision support
systems to managers for improving
production and product quality, optimizing
resource use and reducing environmental
Impact.

» Understand different management options
» Provide actionable information
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The DSSAT
Crop Modeling Ecosystem

www.DSSAT.net
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Some Historical Notes on DSSAT

IBSNAT Project on Food Security
Funded by USAID from 1982 to 1993
DATA: Minimum Data Set Concept, 1983-1986

Initial models included the CERES-Maize, CERES-Wheat and SOYGRO
soybean models.

Data standards for compatibility of models (1986, 1994)

DSSAT v2.1 released in 1986

DSSAT Version 3.5 released in 1998 (after project ended)

DSSAT Cropping System Model, DSSAT v4 released in early 2004
DSSAT Version 4.02 in 2006, v4.5 in 2012, v4.6 in 2015

DSSAT Version 4.7 in 2017, Version 4.7.5 in 2019

DSSAT Version 4.8 in 2021; Version 4.8.2 released in 2023
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Initial price: US $495
+ shipping costs

Original Software

Updated price: US
$195 + shipping costs

Free download from

DSSAT portal
Request DSSAT
DSSAT is Free of charge!
Request to download your own copy today!
Free download &

DSSAT Version 4.8 2 released in August 2023
Open Source 3-clause i

BSD license
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DSSAT is not just a software program but an
ecosystem of:

Crop model users
Crop model trainers
Crop model developers

Models for the most important food, feed, fiber, fuel,
and vegetable crops (42+ crops)

Tools and utilities for data preparation

Minimum data for model calibration and evaluation
ICASA Data standards

Application programs for assessing real-world
problems
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25,000+ software download requests since August 2017

Downloads

1-5

6-10
11-25
26-50
51-100
101-200
201-500

501-1000

1001-2000

2001-3000

3001+

Country
India
China
USA
Pakistan
Brazil
Ethiopia
Iran
Argentina
Indonesia
Countries

Downloads
3527
2144
1789
1768
1224

731
620
590
445
187

Country
Thailand
Germany
Spain
Philippines
Peru
Nigeria
Mexico
Colombia
Turkey
Total

21287
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Downloads Country Download

409 United Kingdom 211 1otal DSSAT Downloads: 21287
February 09, 2023

382 Italy 206
339 Canada 198
334 South Africa 195
312 r France 180
260 Taiwan 173
244 South Korea 169
235 Australia 152
233 Nepal 151
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DSSAT Interface & Organization

DSSAT User Interface (the Shell)
Support Software Applications
Graphics | Evaluation / Spatial Analysis /
Sensitivity Analysis GIS Linkage
Weather
Soil — Cropping SVStem —— Seasonal Strategy i Eate o
Model (CSM) Analysis

Experiments

Crop Rotation /

: Climate Ch
Sequence Analysis {Ba e LS nEs

Parameter
Estimation

s
N

Databases

Experiments / / Pests / Model and
L

Soil

/ e / / analysis
) A

7
Genetics / / Economics / Oltbuts
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Cropping System Model (CSM) Structure

Main Primary Modules Secondary Modules
Environmental
Program ’—‘ Modification
CSM.for . Weather
1 Modul e
_ Module
—-I Harvesting |
Run o
Initialization o Imgatin |
ﬂ - Management ——I Fertilizer Appl. |
Seasonal =
Initialization Land Unit —-I Residue Placement |
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Cropping System Model (CSM) Structure
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Plant Modules
CROPGRO template Perennial CERES Maize CERES-IXIM CERES template
= - J e— .' FORAGE Maize wheat
pepper green bean | : " amaranth i template
: : ERES Sorghum
et e alfalfa 5 Sonn NWHEAT wheat barley
cabbage peanut b »carinata |
: { CERES Millet
canola pigeonpea DalNagrce ddisaelil CROPSIM
e CERES Rice ORYZA rice te::;l:ttn
cotton soybean ,.*Irx grass CERES Sweet SROPSIMYUCA e
: Eo o] brachiaria cassava
Chickpea safflower prnmennsa ey CERES Sugarbeet cassava
i tlentil  } CASUPRO
drybean sunflower | eeieenennt SUBSTOR potato sugarcane
ST ooy AROIDS
: * i : guinea CANEGRO
cowpea tomato iy el ] grass ALOHA pineapple sugarcane template
s tam
faba bean yeivatbean _thj”m_a_J * model under development tanier




UF |¥1 ORIDA Crop Simulation Model

(physical & chemical solar radiation, max & min
properties by layer) temperatures, ...)

Soil conditions / / Weather (daily rainfall,

Genetics (cultivar-
specific parameters
controlling growth and
development)

Management events
(sowing, irrigation,
fertilizer, organic matter,
tillage, harvest)

l Crop Model 1
Plant
Plant growth dovel t
(grain, biomass, ) | _eve Opmgn
roots, etc.) v (time to flowering,
| maturity, etc.)
Yield : |
v ¥ Ny

Environmental Net Income Resource use
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Crop Simulation Models

1. Require information (Inputs)

v'Field and soil characteristics

v'Weather (daily)

v'Cultivar characteristics

v'"Management

Model calibration for local variety

Model evaluation with independent data set

4. Can be used to perform “what-if’
experiments

5. Provide actionable information for Climate
Smart Agriculture

w N
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Lmkage betweenData and Slmulatlons

" Model credibility and evaluation
" Input data needs:
"Weather and soil data
"Crop Management
"Specific crop and cultivar information
®"Economic data
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What is a Minimum Data Set?

Computer models require a set of input data
to be able to operate.

Different models require different sets of ICRISAT, India
iInput data. (1983) |
Define a minimum set of data that: Ein:Data SotsH)

Agrotechnology Transfer

— Can be relatively easily collected under
field conditions by collaborators

— Provides reasonable answers when
used as input for crop models
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Computers and Electronics in Agriculture 96 (2013} 1-12
Contents lists available at SciVerse ScienceDirect
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are provided as electronic supplements.

Published by Elsevier B.V.
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UF [FLORIDA Genetics in Crop Models

* Current crop models use empirical genotype specific
parameters (GSPs) for cultivar environment interactions that
are not linked to actual genes. These GSPs do not adequately
include the genetic (G) and gene-by-environment interaction
(G x E) effects on crop development, thus inherent limitations.

* Genetics in the DSSAT Cropping System Model
—Species coefficients
—Ecotype coefficients
—Cultivar coefficients

* Bridging the gap between biotechnology, breeding and crop
management



UF rioriDA Statewide Variety Testing

THE UNIVERSITY OF GEORGIA
COLLEGE OF AGRICULTURAL & ENVIRONMENTAL SCIENCES

STUDENTS ALUMNI DEPARTMENTS EXTENSION RESEARCH PUBLICATIONS TOPICS A-Z <CALENDAR NEW

¥ CAES Home
> Commodities
*5WVT

= Canola

= Small Grains

=Corn

= Soybean,
Sorghum & Forage

= Peanut, Cotton &
Tobacco

= Related Links

= Application
Materials

Commodities

Statewide Variety Testing

Program Director:

John Gassett
The UGA CAES Statewide Variety Testing program provides e
annual performance testing results on several commodities Fax: 770.412.4734

including canola, small grains and forage, corn and silage,

and field crops.

Performance tests results 2004 and later are in PDF format and require the use of Adebe® Reader®. If you de

neot have this software installed, you can downlosd Adobe® Reader® for free from the Adebe® website. Te
sccess PDF files using an iPad, iPhone or Android device, you must have an Adebe® Reader® app on your
device. These apps are awvailable free online at the appropriate app store.

Program Overview

Proper variety selection is the most important decision a farmer makes. Farmers want
and need to grow the best adapted crop cultivars to be successful. But producers do not
have the time or the resources to plant several cultivars to determine which are adapted
to Georgia growing conditions and the best available. That's where UGA Agronomists
step in to help.

The college’s Variety Testing Team does the work and research for the farmers. We
perform variety research on public and private developed cultivars of corn, corn silage,
soybean, peanut, cotton, grain sorghum, wheat, barley, rye, oat, triticale, canola, summer
annual forages, and winter annual forages each crop year. The research is conducted
within each of the seven major geographic regions of Georgia to collect agronomic data
such as vield, bloom date, maturity date, test weight, height, lodging, seed size and seed
shattering; also, tests for resistance/tolerance to pests and disease.

The information is published annually in five research reports which are made available to



UF fiORIDA  Calibration CSM-CROPGRO

Georgia Peanut Variety Trials- Georgia Green

* “Best” variety trials selected
- Irrigated
- Very high yields
- No reported pest and
disease pressure vile
- No reported water stress ns|
* Selected variety trials
Plains: 1995, 1996, 2001 o
Tifton: 1994 IilTe
Midville: 1996
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Georgia Peanut Variety Trials: Calibration
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Farmers’ Fields (2003) : Model Evaluation

UNIVERSITY of
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Genetics & Plant Modules

CROPGRO template

bell pepper

green bean

cabbage

peanut

canola

pigeonpea

cotton

soybean

chickpea

safflower

drybean

sunflower

cowpea

tomato

faba bean

velvetbean

-
"

i * amaranth }
e e

e

i *carinata }

——

T
*chia

[T T —————————

e

*flax

* lentil

e e
W

: L]
i ~ ima bean §
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P

" quinoa
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Plant Modules

Perennial
FORAGE
template

alfalfa

bahiagrass

bermuda
grass

brachiaria

generic

r

guinea

* ryegrass

e ——

CERES Maize CERES-IXIM CERES template
Maize wheat
ERES h
CERES Sorhum | [TRWHEAT wheat barley
CERES Millet NWHEAT tef
CROPSIM
CERES Rice ORYZA rice template
wheat
CERES Sweetcorn | [ CROPSIM-YUCA Fene
cassava y
CERES Sugarbeet
9 CASUPRO cassava
SUBSTOR potato i ez
CANEGRO :' le;.:
ALOHA pineapple sugarcane emp
taro
* model under development tanier




UF ¥1 ORIDA Cropping System Model (CSM)

Genetic Coefficients

* Species parameters and functions

— Defines the response of a crop to
environmental conditions, including
temperature, solar radiation, CO,

and photoperiod, as well as plant
composition and other functions and
parameters.



UF ¥1 ORIDA Cropping System Model (CSM)

Genetic Coefficients

* Ecotype coefficients

— Defines coefficients for groups of
cultivars that show similar behavior and
response to environmental conditions.

e Cultivar coefficients

— Cultivar and variety specific coefficients,
such as photothermal days to flowering
& maturity, sensitivity to photoperiod,
seed size, etc.



UF |Fi ORIDA Cropping System Model (CSM)

Simulation of plant responses to temperature and

photoperiod
1.0 Topt 1 Topt 2
: PPSEN
I
I
Species :
Coefficients ' Cultivar
Temp base Temp Max CSDL Coefticients

Temperature (°C) Daylength (h)
Model 1/d =f(1) x f(D)
Stage, = f(photothermal days)



UF 51 ORIDA Crop Simulation Models

* Current crop models use empirical genotype specific
parameters (GSPs) for cultivar environment interactions
that are not linked to actual genes. These GSPs do not
adequately include the genetic (G) and gene-by-
environment interaction (G x E) effects on crop
development. Thus, there are inherent limitations.

* A model that could predict phenotypes from genotypes
would be a valuable tool for plant breeders by providing
insight on target selection (Langridge et al. 2011).
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Bridging the gap between biotechnology,
breeding and crop management (and Al?)

* GeneGro Version 1 (1995)

—Based on the model BEANGRO
—30 cultivar coefficients

—7 gene coefficients

* CSM-GeneGro
—15 cultivar coefficients
~7 E loci for soybean (2002)

»7 gene coefficients for common bean (2003)
» Digital values (0,1)

* Gene-Base Common Bean Model (GB-CBM)
—Quantitative Trait Locus (QTL)
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Implementation [: Common bean
Known genes and their physiological responses

* Ppd Basic photoperiod response

* Hr Enhance effect of Ppd

* Fin Indeterminate vs determinate stem
* Fd Early flowering and maturity

* Ssz-1 Seed size

* Ssz-2 Seed size

* Ssz-3 Seed size



UF FiORIDA CSM-GeneGro-Common bean

Examples of genotypes specified for

cultivars
Cultivar Ppd |Hr Fin Fd |Ssz1 |Ssz2 |Ssz3
Redkloud 0O 0] 0] O 1 1 1
___ |Calima 1T 170, 0 O 1 1 1
PintoUI114 | 1 | 1 | 1 1 1 0 1
- Jamapa O 0 0 0 0 1
- Porrillo S. 1 10 1 0 0 0 1
;:'f'] Fleetwood 1 10 0 O 0 0 0
e Seafarer 0O |0 0 O 0 0 0




UF FiORIDA CSM-GeneGro-Common bean

Coefficient determination
in CSM-GeneGro

* Select genes that have a physiological effect

* Use regression analysis to quantify effects of
genes on individual cultivar coefficients

* Gene effects that are not significant are
eliminated

* Remaining cultivar coefficients are assumed
to be constant
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Examples of gene effects assumed in
model

* Two genes, no interaction:
Physiological time from flowering to emergence
EM-FL = 26.853 + 3.306*Fin - 4.497*Fd
R?=0.46™*
* Two genes that interact (epistasis):
Photoperiod sensitivity

PPSEN = 0.001 + 0.023*Ppd + 0.062*Ppd*Hr
R2=0.47"
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Version 2.0
Field data for modeling (2005):

* 46 cultivars
* \Various treatments
— lrrigation
— Row spacing
— Planting dates
* Calibration data
— 10 trials:
 USA, Mexico, Colombia, Canada
— 177 observations
* Evaluation data
— 26 trials:
« USA, Mexico, Colombia, Canada
— 333 observations



UF F1ORIDA Cropping System Model
Evaluation data set - RMSE

Variable CROPGRO | GeneGro
Days to anthesis 4.3 5.0
Days to maturity S.1 6.0
Grain yield (kg/ha) 1020 1070
Above ground wt. (kg/ha) 2180 2120
Unit grain wt. (mg) 0.08 0.12
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Kellogg Biological Station, Michigan

Planted on July 9 Kellogg Biological Station, Michigan
" Rainfed s
" Kalamazoo Loam . I
" 73 years of weather data
= 1930 — 2002 [
" 96 genotypes " jan Feb Mar Apr sy dun 4d Avg Sep Oct Nov Dec

‘- Total Precipitation —— Tmax —&— Tmin

" Ppd*Hr*Fin*Fd™* Ssz1 ~SszZ ™~ Ssz3
" 128 potential combinations: 27
" eliminate ppd * hr
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CSM-GeneGro-C

Median Yield

Box Plot of Yield at harvest (kg dmihia)
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125 - 75 Perc.

M 75-100 Perc.
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Syslems

1111110
ssz3 recessive

Mean Yield vs Variance

E-% Plot of Yield at harvest (kg dmiha)

2,150
W Z-Sens 1111110

2,100 m 1 -Sens 1111111
[10] | = - Sens 1110111

2,050 m 4 - Sens 1111100
m 41 - Sens 1010111

2,000 B 25 - Sens 1100100
B 26 - Sens 1100110

1,950 m 15 - Sens 1110001
m 36 - Sens 1011100

1,900 m 73 - Sens 0010111
m 34 - Sens 1011110

= 1,550 W3- Sens 1111101
i W 33 - Sens 1011111
= 4 z00 B 44 - Sens 1010100
B 25 - Sens 1100111

1,750 m 11 - Sens 1110101

' B S - Sens 1111000
1,700 m 12 - Sens 1110100
B 42 - Sens 1010110

1 B50 m 76 - Sens 0010100

' B 27 - Sens 1100101

1 600 m 50 - Sens 1000100
m 10 - Sens 1110110

1,550 B 55 - Sens 0011100
B 43 - Sens 1010101

1,500[@ m 32 - Sens 1100000
400000 00000 S00000 1000000 1200000 m 16 - Sens 1110000
\ariance m 75 - Sens 0010101
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Yield Performance

* Kellogg Biological Station, Michigan
— 1111110 (Genotype 2)
— 1111111 (Genotype 1)
— 1110111 (Genotype 9)
* Twin Falls, Idaho
— 1110111 (Genotype 9)
— 1111110 (Genotype 2)
— 1110110 (Genotype 10)
* Prosser, Washington
— 1110110 (Genotype 10)
— 1110111 (Genotype 9)
— 1111110 (Genotype 2)
* Critical Genes
— Fd: early versus late flowering
— Ssz3: seed size



Predicting time to flowering for dry bean based

on QTL and Environmental Variables
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A Predictive Model for Time-to-Flowering in the
Common Bean Based on QTL and
Environmental Variables

Mehul S. Bhakta,* Salvador A. Gezan,' Jose A. Clavijo Michelangeli,* Melissa Carvalho,' Li Zhang,?
James W. Jones,® Kenneth J. Boote,* Melanie J. Correll,f James Beaver,** Juan M. Osorno,™
Raphael Colbert," Idupulapati Rao,** Stephen Beebe,** Abiezer Gonzalez,** Jaumer Ricaurte, **

and C. Eduardo Vallejos*#

*Horticultural Sciences Department, "School of Forest Resources and Conservation, *Agronomy Department,
Agricultural and Biological Engineering Department, and 33Plant Molecular and Cellular Biclogy Graduate Program,
University of Flerida, Gainesville, Florida 32611, **Department of Agro-Envirenmental Sdences, University of Puerto
Rico, Mayaguez, Puerto Rico 006819000, T*Plant Sciences Department, Morth Dakota State University, Fargo, North
Dakota 58105, and *finternational Center for Tropical Agriculture (CIAT), A. A, 6713, Cali, Colombia 763533

ORCID IDs: 0000-0002-7633-810X (M.S.B.); 0000-0002-8381-9358 (.R.); 0000-0001-8935-7885 (C.EV)

ABSTRACT The common bean is a tropical facultative short-day legume that is now grown in tropical and ~ KEYWORDS
temperate zones. This observation underscores how domestication and modern breeding can change the  Phaseolus

adaptive phenology of a species. A key adaptive trait is the optimal timing of the transition from the vulgaris
vegetative to the reproductive stage. This trait is responsive to genetically controlled signal transduction  mixed-effects
pathways and local climatic cues. A comprehensive characterization of this trait can be staned by assessing model

the quantitative contribution of the genetic and environmental factors, and their interactions. This study  multi-

aimed to locate significant QTL (G) and environmental (E) factors controlling time-to-flower in the common environment
bean, and to identify and measure G x E interactions. Phenotypic data were collected from a biparental trial
[Andean x Mesoamerican] recombinant inbred population (F1q.14, 188 genotypes) grown at five environ- G = E
mentally distinet sites. OTL analysis using a dense linkage map revealed 12 QTL, five of which showed interactions

significant interactions with the environment. Dissection of G x E interactions using a linear mixed-effect
model revealed that temperature, solar radiation, and photoperiod play major roles in controlling cormmon
bean flowering time directly, and indirectly by modifying the effect of certain QTL. The model predicts
flowering time across five sites with an adjusted r-square of 0.89 and root-mean square error of 2.52 d. The
model provides the means to disentangle the environmental dependencies of complex traits, and presents
an opportunity to identify in silico QTL allele combinations that could yield desired phenotypes under
different climatic conditions.
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Linear Mixed-Effects Statistical Model

® TimetoFlower=p+Gij+Ej+ (G*E)ij+¢€ij

RFij = RFmean &
+ 5,8533%-04 * [TMAX - Tmaxm) &
+ 5,20694e-04 * [TMIN - Tminm) &
- 1.58858e-03 * (DAYL - DLm) &
- B.50106e-05 * (SRAD - Sradm) &
+ 9,26783e-04 * TF(1) &
+ 1.,25430e-03 ¥ TFI 2| &
- B£.,69171e-04 * TF(4) &
- 3.51446e-05 * TFIS) &
+ 5,66365e-04 ¥ TFI &) &
- 4,13906e-04 * TF(7) &
- 2,20600e-04 * TFI8) &
- 4,63511e-04 * TF(9) &
- 2,71880e-04 * TF(10) &
+ 3,41766e-04 * TF(11) &
- 1.60067e-04 * TF(12) &
+ 2.87046e-04 ¥ TFI1) * TR 2) &
- 5,12084e-05 * (SRAD - Sradm) * TF(12] &
- 1,36551e-04 * (DAYL - DLm) #* TF(1] &
+ 9,93241e-05 * [TMAX - Tmaxm) * TF(5) &
- 1.00970e-04 * (TMIN - Tminm) * TF(3] &
- 6,85350e-04 * (DAYL - DOLm) #* TF(3]

SumRFij = SumRFij + RFij*1.0

e Based on linear mixed effects models
developed by Mehul Bhakta et al.,

e Rate of Development toward first
flower in Common Bean, using G, E,
and G x E inputs




Stand Alone Model vs CROPGRO-Dry Bean

® Basic flow of Stand Alone Model and CROPGRO-Bean for predict first flowering

Stand Alone Gene-Based Model

CROPGRO-Dry Bean

Weather Data Cultivar Data Weather Data
SRad, DayL, max & mi
temperatures, ...)

Gene-based Model
Simulation

T Crop Model
Simulation
»

Liner Model (G, E, G*E)
Process Module

Phenology/RStages
CROPGRO-Bean (Calculate Time of first
J

flowering)
/ Qutput ’

Output

UF IFAS Research

UNIVERSITY of FLORIDA



Gene-Based Model Integration diagram

Plant Module
CROPGRO-Drybean Phenology Module — Ecotype
data
Phenology €---1--» Vegetative Stages
Species
. data
Photosynthesis Reproductive Stages S .
Respiration ' » I Cultivar
data
Vegetative Growth
Reproductive Growth :
Senescence QTL <
data
Nitrogen Fixation
BNGRO047.GEN
Water Balance (Plant)
Nitrogen Balance (Plant) | @vARz T VRNAME. ......... TF1 TF2 TF3 Tr4 T/ TF6 TF7 T8 TF9 TF1@ TrFll TF12
CALIMA Calima-RIJC 1 1 1 1 1 1 1 At 1 1 ik 1
JAMAPA Jamapa-RIJC -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1
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Multi Environment Phenotyping (5 sites)

e (Citra, Florida

o Avg. Temperature: 32/18 °C

© Day-Length range: 12:30 - 13:30 h
® Prosper, North Dakota

O Avg. Temperature: 27/13 °C

o Day-Length range: 15:20 - 15:53 h
® Palmira, Colombia

o Avg. Temperature: 29/19 °C

o Day-Length range: 11:56 - 11:58 h
e Popayan, Colombia

o Avg. Temperature: 23/13 °C

o0 Day-Length range: 12:08 - 12:11 h
e Isabela, Puerto Rico

o Avg. Temperature: 29/19 °C

© Day-Length range: 11:30- 12:35 h

UF IFAS Research

UNIVERSITY of FLORIDA



Predicted versus Observed Flowering

Observed Time to First Flowering (days)

Gene-based Model
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Final Simulated Yield
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Gene-Based Model Integration diagram

Plant Module
CROPGRO-Drybean Phenology Module — Ecotype
data
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Crop Model Applications

* Diagnose problems (Yield Gap Analysis)
* Precision agriculture
— Diagnose factors causing yield variations
— Prescribe spatially variable management
* Irrigation management
* Water use projection
* Soil fertility management

* Plant breeding and Genotype * Environment
interactions

* Yield prediction for crop management
» Can we do the same with Al Prediction?
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Meta analysis on the evaluation and application of DSSAT
in South Asia and China
205 papers published from January 2010 — February 2022
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Meta analysis on the evaluation and application of DSSAT in South Asia and China:
Recent studies and the way forward

EAJAZ AHMAD DAR', GERRIT HOOGENBOOM¥, and ZAHOOR AHMAD SHAH!

‘Deparmment of Agriculrural and Biological Engineering, University of Flovida, Frazier Rogers Hall, Gainesville, FL 32011-0570, USA
“Krishi Vigyan Kendra, Ganderbal, Sher-e-Kashmir University of Agricultural Sciences and Technology of Kashmir, India-100025
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“Sher-e-Kashmir University of Agricultural Sciences and Technology of Kashmir, India-190025

‘Corresponding author email: gerrit@ufl.edu

ABSTRACT

The Decision Support System for Agrotechnology transfer (DSSAT) 1s a global modelling platform that encompasses crop models for more than
40 different crops. The models have been used extensively throughout the world, including South Asia and China From the web of science da-
tabase, we reviewed 205 papers that were published from January 2010 to February 2022 containing examples of the evaluation and application
of the DSSAT crop simulation models. In South Asia and China, more than 50 traits and variables were analyzed for various experiments and
environmental conditions during this period. The performance of the models was evaluated by comparing the simulated data with the observed
data through different statistical parameters. Over the years and across different locations, the DSSAT crop models simulated phenology, growth,
yield, and input efficiencies reasonably well with a high coefficient of determination (R7), and Willmott d-index, together with a low root mean
square error (RMSE), normalized RMSE (RMSEn), mean error (ME) or percentage error difference. The CERES models for rice, wheat and
maize were the most used models, followed by the CROPGRO models for cotton and soybean. Grain yield, anthesis and maturity dates, above
ground biomass, and leaf area index were the variables that were evaluated most frequently for the different crop models. The meta-analysis of
the data of the most common simulated variables (Anthesis, matunty, leaf area mndex. grain yield and above ground biomass) for the four com-
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Meta analysis on the evaluation and application of DSSAT

in South Asia and China: Recent studies 2010-2022
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Low input systems model
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Modelling climate change impacts on maize yields under low
nitrogen input conditions in sub-Saharan Africa

Gatien N. Falconnier B4, Marc Corbeels, Kenneth . Boote, Francois Affholder, Myriam Adam, Dilys S.
MacCarthy, Alex C. Ruane, Claas Nendel, Anthony M. Whitbread, Eric Justes, Lajpat R. Ahuja, Folorunso M.
Akinseye, Isaac N. Alou, Kokou A. Amouzou, Saseendran 5. Anapalli, Christian Baron, Bruno Basso,
Frédéric Baudron, Patrick Bertuzzi, Andrew ]. Challinor, Yi Chen, Delphine Deryng, Maha L. Elsayed,
Babacar Faye, Thomas Gaiser, Marcelo Galdos, Sebastian Gayler, Edward Gerardeaux, Michel Giner, Brian
Grant, Gerrit Hoogenboom, Esther S. Ibrahim, Bahareh Kamali, Kurt Christian Kersebaum, Soo-Hyung
Kim, Michael van der Laan, Louise Leroux, Jon . Lizaso, Bernardo Maestrini, Elizabeth A. Meier, Fasil
Megquanint, Alain Ndoli, Cheryl H. Porter, Eckart Priesack, Dominique Ripoche, Tesfaye S. Sida, Upendra
Singh, Ward N. Smith, Amit Srivastava, Sumit Sinha, Fulu Tao, Peter ). Thorburn, Dennis Timlin, Bouba
Traore, Tracy Twine, Heidi Webber ... See fewer authors ~

First published: 06 July 2020 | https://doi.org/10.1111/gcb.15261 | Citations: 2
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Agricultural and Forest Meteorology
] 3 Volume 271, 15 June 2019, Pages 264-284
ELSEVIER

Simulation of maize evapotranspiration: An inter-
comparison among 29 maize models

Bruce A. Kimball 2 &, Kenneth ). Boote "B, Jarry L. Hatfield °8, Laj R. Ahuja 8, Claudio Stockle ® &, Sotirios
Archontoulis '8, Christian Baron & hﬂ, Bruno Basso ' B, Patrick BertuzziJ'-El,Julie Constantin kE‘, Delphine
Deryng hmE, Benjamin Dumont " &, Jean-Louis Durand ®&, Frank Ewert P 9 &, Thomas Gaiser 98, Sebastian
Gayler ", Munir P. Hoffmann ® * &, Qianjing Jiang ' &, Soo-Hyung Kim Y&, Jon Lizaso ¥ &, Sophie Moulin ¥ &,
Claas Nendel P&, Philip Parker *&, Taru Palosuo Y&, Eckart Priesack > &, Zhiming Qi "8, Amit Srivastava 18,
Tommaso Stella P&, Fulu Tao ¥+ #8, Kelly R. Thorp *&, Dennis Timlin &, Tracy E. Twine ©&, Heidi Webber P 98,
MagathI]aumekBJ Karina Williams P&

Phased calibration — from
“blind” to “full” calibration

Fig. 1. (a.) Weather variables (maximum and minimum air temperature, dew point, solar
radiation, wind speed, rainfall) during 2011, a “typical” rainfall year. (b.) Box plots of
daily evapotranspiration (ET) where the lower and upper limits of the box indicate the
25% and 75 percentile of ET values simulated by 29 maize growth models, respectively,
the lower and upper whiskers indicate the 10 and 90% percentiles, and the points are
outliers. Observed values and the median values from the 29 models are also shown.
The simulated values in this plot came from Phase 1, a “blind” test whereby the
modellers were only given weather, phenology, management, and soils information, but
no crop response data. (c.) Same as (b.) except for Phase 2 whereby the modellers were
given leaf area index data for all eight years. (d.) Same as (c.) except for Phase 3 whereby
the modellers were given the observed ET, yield, soil water content at 10 cm, and other
data for 2011. (e.) Same as (d.) except for Phase 4 whereby the modellers were given the
all the ET, yield, growth, and soil water data for all eight years, as well as options for
handling a water table. (f) Observed daily ET values as well as the median simulated ET
values for Phases 1, 2, 3, and 4.



Ag BMIP s Core Questions for
g § e Reglonal Integrated Assessment

1. What is the sensitivity of current agricultural production
systems to climate change?

2. What are the benefits of intervention in current
agricultural systems?

3. What are the impacts of climate change on future
agricultural production systems (without adaptation)?

4. What are the benefits of climate change adaptations?
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Example Study

Punjab, Pakistan under
the auspices of the
AgMIP Project
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* The Rice-Wheat cropping system is the breadbasket
of Punjab, Pakistan and Punjab, India

* The Punjab is the largest agricultural production
system in South Asia, covering 13.5 m ha

® 20% of the world population depends on its
agricultural production

S(source Ashfaq et al, 2015)
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® Data from three experiments were used for rice & wheat
model evaluation

* Yield and socio-economic data were collected by surveying
155 farmers in five districts of Punjab

®* Two crop models (DSSAT and APSIM) were used to assess
climate change impact and adaptation

* Five General Circulation Models (GCMs) under RCP 8.5
were used to generate future weather data

® Economic model (TOA-MD) was used to quantify the climate
vulnerability and adaptation strategies in the study area
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The Agricultural
Model Intercomparison
and Improvament Project

Climate Change Impact on Wheat (source

F-. Ashfaq et al, 2015)
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Climate Change Impact on Rice (source Ashfaq

. et al, 2015)
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" Wheat Production

* Results of DSSAT and APSIM for 155
farms with 5-GCMs in the wheat-rice
region of Punjab-Pakistan:

— Mean yield reduction for rice was 15.2% for
DSSAT and 17.2% for APSIM

— Mean yield reduction for wheat was 14.1% for
DSSAT and 12% for APSIM
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*Planting of wheat should be 15 days earlier than
present

¢25% increase in planting density for wheat
*Use of 20% more fertilizer in wheat
*Decrease the number of irrigations by 25%

® Agro-climatic advisory services for farmers (Early
Warning System)

®Selection of improved cultivars (Short lag phase,

Early canopy development, Enhance Leaf Area Duration
etc.)
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Policy Brief

Adaptations Tested
mmmmww
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to about 13% through use of the adaptation package

Punjab, Pakistan
Adapting rice-wheat
farming to

in Punjab, Pakistan is to increase : . ' rosct i
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Q present.
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systemn, 70-80% of small-holders could
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= Major losses of imigation water for the Punigh aea could increase by 4-8%.
resuft from Himalayen glacier mealt. ) .
o Adapistions that greatly improved simulated
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Key Messages Punjab, Pakistan
Adaptations using different crop varieties and manage-
ment practices can help reduce projected losses and

poverty rates caused by increases in temperature and
greater rainfall extremes.

under cimate change conditions by the 2050s.

RESULTS
By the 2050s, average annual temperature

CLIMATE CHANGE IMPACTS on farms in Punjab, Pakistan

Prioritize current adaptation strategies

Climate Change for Punjab Pakistan by 2050s
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Cro el orecastmg smg the CCAFS Regional
Agricultural Forecasting Toolbox (CRAFT) in the
Oromia Regional State of Ethiopia

Kindie Tesfaye, Esayas Lemma, RSBIe'I akhtang-SHeIia , Addisu Dabale,

Pierre C. Sibiry Traore, Gerrit I-I_oogenboom, Dawit Solomon
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Model inputs and outputs

( Observed Yield
Aggregation to
Zonal (admin-level2) and Regional CRAFT Simulation
Level Observed Yield

[Ethiopian Central Statistical
Agency (CSA. 2019)]

Adnrin Level

Export in tabular format

Yy X4 | Xz | ... Xp

‘Weather

1. Rainfall Surface 05°x0.5° CHRIPS CHRIPS
‘ Maximum Export grid to ESRI shape files
2 Temperature  2meters  0.1% x0.1° AgERAS ERAS-Land
‘Minimum: CCAFS Database
3. Temperature 2meters  0.1% x01%  AgERAS ERAS-Land
Solar 0.1° x01° [NASSA- CRAFT Simulation
a Radiation Surface  [0.5° x0.5%]  AgERAS POWER] Output Display i’
Management
Synthetic Fertilizer (MoA, 2019) Maize Varieties (Tesfaye et al., 2015)

Panting locaions of simelted Msie caivars

Staae Calars

Melixall
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INTERNATIONAL CROPS RESEARCH I Agricu“ure and
OUICG LG :
International Maize and Wheat Improvement Center  INSTITUTE FOR THE SEMI-ARID TROPICS MINISTRYoFAGRICULTURE CGIAR Food Security ~ CCAFS



Forecast:

Maize Yield Outlook for 2020 Main Growing Season

Forecast Date: March 31

Forecast Date: May 31

ICIMMYT.¢

International Maize and Wheat Improvement Center

kg-grain ha™’
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Spatial Yield Forecast for Ethiopia

- * Normal-to-above average maize production is expected for the
2020 main growing season

* On average, 4301 - 4345 kg/ha of grain yield could be obtained
from maize fields over Oromia regional state.

— Maize production: 5.3 MMT tons (2020 forecast)
4.6 MMT tons (2018 reported)

* Slightly poor performance by the crop model lower yield
environments

INTERNATIONAL CROPS RESEARCH OUICS RLIYC .
nternational Maize and Wheat Improvement Center  INSTITUTE FOR THE SEMI-ARID TROPICS MINISTRYoFAGRICULTURE CGIAR  Food Security
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African Cassava Agronomy Initiative
(ACAI) project

Project funded by the Bill and Melinda
Gates Foundation

Modeling cassava as part of the

‘agronomic decision support service

for smallholder
growers in Africa

g AKI IMO M}ﬁ UF IFAS & o
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African Cassava Agronomy Initiative
(ACAI) project

S— | DSSAT*
Hy -
|

40+

301
B 10

.H s Estimated cassava yield

o L. ﬂl ~ ] |H =11 (t/ha) under different
% i ‘{ F = 1 planting and harvesting
1 % T ' %,u"' months in Nigeria.

Spatial layer of estimated
cassava yield (t/ha) for April
planting with harvesting age of
10 months.

*Decision Support System for Agrotechnology Transfer (DSSAT)




African Cassava Agronomy Initiative
(ACAI) project

KilimoN& agriculture

Akilin% smart
developing and delivering tailored agronomy recommendations to cassava growers
/ IVR \*

Cloud-based
prediction engine
Short code messages
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Smartphone app
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Field trials to test and develop
best agronomic interventions
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Understand Agronomy x Environment
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Crop modelling

Predict response to intervention
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Spatial modelling / GIS

—
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Cassava

Extension
worker growers

DB logging requests
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Crop model applications at larger spatial scales

Crop model requires a lot of data
Heterogeneity of cropping systems, crop management practices
Data not easily available at the required temporal and spatial resolution

Data collection approaches:
* Multi-site-year field experiments
* Expert Interviews
» Extensive literature review
* Local and public data sources

Challenges:
»Extensive time, effort, and resources
»May be relevant to a specific region

www.agprofessional.com
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Efficient parameterization approaches:
use case from Senegqal

1. Rice simulation in Delta Region, Senegal River Valley

A

Fig. Senegal River Valley (in
yellow) Fig. Rice fields in the Delta region

Senegal River Valley

Fig. Location of Senegal (in green)
in Africa



164 Simulation

Output

Soil-water and Crop growth (eg. biomass, grain, roots) Environmental variables
oilnutrient dynamics and development >/ (eg. seasonal evapotranspiration,
(eg moisture %, ntrogen %) (eg. emergence, anthesis, maturity) precipitation)

e

Fig. Senegal River Valley (in

Applications i i ye llow)

Fig: Overview of the inputs for DSSAT-
Cropping System Model and some of its
outputs and applications.

Data collection approaches:
Multi-site-year field
experiments
Expert Interviews

POINTS

.....

,,,,,,,

Fig. Simulation points at 5-arc min
resolution (~ 9 km)

Environmental input data

' >

Dallv Weather

-l Extenswe Iiterature revi

Local and public data
sources

NASA POWER: Solar radiation, Tmax &
Tmin (www.power.larc.nasa.gov/)

CHIRPS: Rainfall (
https://www.chc.ucsb.edu/data/chir

2

oil

* Global High-Resolution Soil Profile
Database

* Harvest Choice Soil Database



http://www.power.larc.nasa.gov/
https://www.chc.ucsb.edu/data/chirps

_~

Fig. Senegal River Valley (in
yellow

Management and
genetics input data

Cultivar and Management
practices

* Expert interviews

* Machine reading

" Remote sensing

Machine
Reading
System

Allows users to automatically 5
extract information from scientiﬁl‘,--
papers and reports

The system is built using the rul
based information extraction
framework

Involves preprocessing (pdf to te
conversion and text preprocessi
and post-processing ( redundan
filtering, binarization, etc)
components.



Machine Reading

SyStem PDF - text

Supply papers and Reprocessing
reports

Entity extraction

* Convert pdf to text

Event Extraction

* Tokenization (text into e
words and sentences) -

Event
Postprocessing

* Entity (variables of

‘“""@r O ) (1N gﬂ‘“%}' /\ r W_n%‘w !‘EU* \E}t
" sowing dates gedfr m 14 t Jul IyF rthe ws and from 3 to March in the DS .
Planting Date Date
Fam’\ersdates ranged[from 14 to 31 July]for the WS and[from 3toll March]in
the DS,

e s
Variable: Planting Value: Date Value: Date

Farmers’ates ranged[from 14 to 31 July}or the WS and[from 3toll March]in
the DS,

e —

o “Context: Wet Season

Fam’\ers{sowing dates ranged from 14 to 31 July]for thel ws land

‘ Value and Context

Binarization | ‘ Deduplication Realignment

interest) extraction

* Event extraction (assigns
value to variables)

 Add Context

* Post-processing




Cultivar Information

PropertyAssignment N/A 2000 pla Sahel 108 wet season medium duration
PropertyAssignment N/A 2000 plgnting Jaya wet season 0 medium duration
PropertyAssignment N/A 2000 nting Sahel 202 N/A wet season 0 medium duration
PropertyAssignment Nakhlet from 4to 7 November Jaya N/A 0 129 days
PropertyAssignment N/A from 4to 7 November N/A 0 109 days
PropertyAssignment N/A N/A N/A 0 20 days
PropertyAssignment N/A N/A Jaya N/A 0 50 days
PropertyAssignment Rosso 1970-1984 N/A Sahel 108 N wet season 0 11days
PropertyAssignment Rosso 1970-1984 N/A Jaya N wet season 0 1day
PropertyAssignment Rosso 1970-1984 N/A Sahel 108 N wet season 0 10days
PropertyAssignment N/A N/A planting rice N/A N/A 0 shortcycle
PropertyAssignment N/A N/A planting Sahel 108 N/A N/A 0 125 days
PropertyAssignment Senegal R From May to June atural_d Rice N/A dry season 0 120 days
PropertyAssignment Podor 1995 Rlanting indica N/A wet season 0 short duration
PropertyAssignment Podor 1995 planting indica N/A wet season 0 slender grain
PropertyAssignment Podor 1995 pl§nting  Aiwu wet season 0 short duration
PropertyAssignment Podor 1995 plafting Aiwu wet season slender grain
PropertyAssignment Podor 1995 plan§ | Kong Pao wet season O0hort duration

ing window
N/A

from 29 February to 1 April in the 2012DS planting rice N/A 2012DS from 22 August to 26 Septemberin 2011WS 2011-08-22 -- 2

N/A from 5 to 23 March in the 2013DS planting rice N/A 2012DS from 29 February to 1 April in the 2012DS 2012-02-29 --
N/A from 22 August to 26 September in 2011WS planting rice N/A 2012DS from 5 to 23 March in the 2013DS 2013-03-05--
Rosso early November planting Jaya N/A 1999WS between 7 and 22 July XXXX-07-07 -- X
N/A the end of November planting Sahel 202 N/A 2000WS between 19 July and 4 August XXXX-07-19 -
N/A before 29 July planting N/A N N/A before 29 July XXXX-XX-XX
N/A before 29 July planting N/A N 2000WS before 29 July XXXX-XX-XX
N/A 2000WS planting N/A N 2000WS before 29 July XXXX-XX-XX
N/A 1998WS planting N/A N/A 2000WS after 29 July in the 2000WS 2000-07-29 -- X




Management and
genetics input data

Cultivar and Management ’ Growmg
practices season
P * Expert interviews * Cultivars
Jr—": / e / / o B / . . * Cultivar
I * Machine reading
h characteristics.
i | i " Remote sensing * Planting
window
Overview of the inputs for DSSAT- * Fertilization
Cropping System Model and some strategies

of its outputs and applications. )
* Yield range




.’ z
Gridded weather and soil data at 5 arc-min resolution

Management and
genetics input data

Cultivar and Management

practices When
" Expert interviews and
where

* Machine reading

flooding
happene
d?

* Remote sensing

Plots near Ronkh region in Senegal River Valley- 2019




Spatial distribution of flooding events in 2020

Flooding

Spatial distribution of flooding events in 2022

Flooding dates
- No-data

: ‘ Bl <60
g S B 60-380
UK N B >0

Spatial distribution of flooding events in 2021 e;;f

Flooding dates
[ | No-data
M <60
I 60 - 80
I >80




LATITUDE

Senegal River Valley (SRV)
Yield Forecast on July 1, 2022, for Rice for the Dry Hot

Season
g )
16 5°N 1 gg\;tf:
LG )
! Coefficient of Variation (%)
i 2
y 3
16.0°N - = 2
Podor .
Yield (kg/ha)
- . ® 4000
el Region Average yield (kg/ha) . 2
Dagana 6,357 @®
Podor 6,021
Matam 5,038
15.0°N SRV 6,276
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LONGITUDE



Senegal River Valley (SRV)

Production Forecast on July 1, 2022, for Rice for the Dry
Hot Season
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2 s |
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- a X ?ﬁ m Coefficient of Variation (%)
..., Region Planted area (ha) Production (t) s A Ii
Dagana 29,548 187,850 LR - E
Matam 1,083 5,455 N -
Podor 4,123 24,823 .1
on] o ¥ ‘\\\
= SRV Total 34,754 218,129 ]
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LONGITUDE

Hybrid Approach:

* Al & Machine learning
 Remote Sensing

* Crop Modeling



UF FLORIDA DSSAT User Community

Software download request since August 2017
October 30 > 25,000

L] 6-10
[ ] 11-25 - % L ]
® 26-50 & ® - ® . o
=) 51-100 . .‘!‘?@ . ®
® 101200 .. ..(.'3 s . .. *
® 201500 o 4 > o - . of ‘ @
P ‘2 e .
501-1000 . . ‘ . .
e @ » F
1001-2000 ® ° b .. ° e ®
‘@
2001-3000 .:'% i 'zo [ ] .. ® e o . R 3? @
- ] .. .' .. [ ] L] . @
3001+ @ - o (X ) ® ..
& e o0 .
= ® * oo :
® " ° o ®
® L
° [
. e
@
®
Country Downloads Country Downloads Country Download
India 3527 Thailand 409 United Kingdom 211 T AT e ey o, 203
China 2144 Germany 382 Italy 206
USA 1789 Spain 339 Canada 198
Pakistan 1768 Philippines 334 South Africa 195
Brazil 1224 Peru 312 France 180
Ethiopia 731 Nigeria 260 Taiwan 173
Iran 620 Mexico 244 South Korea 169
Argentina 590 Colombia 235 Australia 152
Indonesia 445 Turkey 233 Nepal 151

Countries 187 Total 21287



Perennial Forage Model-Alfalfa

Published online August 2, 2018
BIOMETRY, MODELING, AND STATISTICS

Adapting the CROPGRO Model to Simulate Alfalfa Growth and Yield

Wafa Malik* Kenneth |. Boote, Gerrit Hoogenboom, José Cavero, Farida Dechmi

ABSTRACT

Despicealfalfa's global imporcance, thereis adearch of crop simula.
tion models available for predicting alfalfa growth and yield with
s associared composition, The objectives of this research were w
adape the CSM-CROPGRO Perennial Forage Model for simulat-
ing alfalfa growth and yield and to describe model adaprarion for
this species. Dara from six experimental plots grown under sprin-
Kler irrigarion in the Fbro valley (Northeast Spain) were used for
‘model adapration. Starting with parameters for Brachariz brizan-
tha, the model adaptarion was based on values and relacionships
reporced from the literarure for cardinal remperarures and dry
‘marcer partitioning. A Bayesian optimizer was used to oprimize
remperarure effects on phocosynthesis and daylengeh effects on
partitioning and an inverse modeling technique was employed for
nitrogen Fxarion rate and nodule growch, The calibrarion ofalfalfa
tissue composition was initiated from soybean composition anal-
ogy bur was improved with values from alfalfa licerarure. There was
considerable ireration in optimizing parameters for the processes
ourlined above where comparisons were made to measured dara.
After adaprarion, the Root Mean Square Error and d-staristic of
harvested herbage averaged across 58 harvests (yield range: 990
4617 kgha™!) were 760 kg ha~* and 0.75, respectively. In addirion,
good agreement was observed for Leaf Area Index (LAT) (LAT
range: 0.1-6.7) with d-staristic of 0.71. Simnlated belowground
‘mass was within the range of licerarure values. The results of this
study showed thar CROPGRO-PFM-Alfalfa can be used ro simu-
late alfalfa growth and developmen. Furcher vesting with more
extensive darasecs is needed to improve model robustness.

Core Ideas

+ Alfalfa is the main forage legume in crop livestock systems world-
wide.

* There is stilla scarcity of perennial crop models for alfalfa simula-
tion.

* Regrowth and herbage yield depend on reserves, seasonal tempera-
ture and daylength.

A systematic procedure was followed ta develop species and culrivar
parameters.

* CROPGRO-PFM-alfalfa is availsble in the latest DSSAT model
version (4.7).

LFALFA (MEDICAGO sativa L) is the main forage
legume in crop livestock systems worldwide, with the
eatest amount of feed proteins per unit area among
the forage and grain legumes (Huyghe, 2003). Changes in forage
ylddand nutritive value due to climate dange are likely ro affect
ic, economic, and rformance of
dmrv farms. It has been estimated that two-thirds of the poten-
tial )‘Jeid of major crops is usually lost due to adverse growing
environments (Bajaj et al., 1999). Accurate prediction of alfalfa
yield and growth stages is important in scheduling management
practices such as sowing dates, pesticide applications, irrigation
scheduling, and cutting frequency or grazing, Timely manage-
‘ment can greatly increase the quantity and quality of harvested
alfalfa (Sanderson etal., 1989). Crop models can be useful tools
for management and decision making in crop production sys-
tems by attempting to schedule critical growth stages during
the most favorable environmental conditions (Charles-Edwards
etal, 1986). Farthermore, computer simulation models after
calibration and validation with experimental data provide yield
prediction and allow for studying the influence of management
strategies and environmental factors on crop growth and devel-
opment without conducting costly field experiments (Barnes et
al., 1988). When physiological processes are well understood,
they can be synthesized with crop models, which then become
important tools in research by assisting decisions in breeding
programs and for soil and crop management, as well as being use-
ful in future climate change assessment (Asseng eal., 2013).
Over the past few decades, several simulation models have
been specifically developed for alfalfa. The first alfalfa model
SIMED (Holt etal., 1975; Schreiber eval., 1978) is a crop
growth model that takes into account dry matter partitioning
among leaves, stems and roots. It incorporated most physi-
ological processes but not the regrowth process afier cuttings
and does not include nonstructural carbohydrates. The second
alfalfa model developed was ALSIM (Fick, 1981) which had
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CROPGRO-Strawberry

Scientia Horticulturae 201 (2032) 110538
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Development and improvement of the CROPGRO-Strawberry model

Alwin Hopf®', Kenneth J. Boote %, Juhyun Oh™°, Zhengfei Guan™®, Shinsuke Agehara ",

vakhtang shelia”, Vance M. Whitaker * ** Xin Zhao,

Gerrit Hoogenboom **
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Selecting DSSAT experiment scenario used for coefficients
optimisation with corresponding time-series data

]

Coefficient combinations preparation

CULTIVAR COEFFICIENT ESTIMATOR FOR THE CROPPING
SYSTEM MODEL BASED ON TIME-SERIES DATA:
A CASE STUDY FOR SOYBEAN

Research

Emir Memic". Simone Graeff', Kenneth J. Boote®, Oliver Hensel’, Gerrit Hoogenboom?*

! Cropping Systems snd Modsling, University of Hobesheim, St
* Departmen of Agricuitual and iologacal Engmeerice Lm\msl\'ynfﬂmdz Ganesele, Flsti 50
W

¢ Insttute for Suwstaisable Food Systems, University of Florida, Gainesvlle, Florids, USA.
* Comerpondence: emir memie @uni hohenheim d.

HICHLIGHTS S t 2 v
*+ Sofwae s developed for estination of DSSAT CSA£CROPGRO Sosbean clivar coeficints

. were estimated based on € p 1
* Cultivar single

Current coefficient combination prepared and
written in crop model input files

l

Crop model executed and target
variable’s crop model simulation
outputs saved

expr data sets.
ABSTRACT. The Decision Support System for Agrotechnology Transfer (DSSAT) is one of the most popular sofware sobu- :
tions for predicting crop growth and yield while capturing the gffects of management practices and interactions between
the crop and the emvironment. Accuraie estimation of the crop cultivar cogfficients that govern in-season growth and devel- 1
opment is critical for correct yield estimates. The menual culttvar cogffcient estmmation process is time-consuming and
results in user-dependent, subjective optinums that are diffcult 10 reproduce. Typically, end-of-season observations (point-
based) are used for estimating dynamic in-season biomass accurmlation rates. The objective of this study was 1o develop a
fime-series estimator (TSE) capable of using multiple in-season observations for estimating the coefficients that define in-
season growth and biomass partitionimg. Usig the TSE, cultrvar coefficients were estimated based on multiple in-season
observations of leaf area index (LAI) and shoot, leaf, and grain dry matter weights. The cultivar coefficients were estimated
locations) - This was done for two cultivars for six
xenviromment reatment based culiivar cogficients were evaluated with an
independent data set and compared to DSSAT stadiard (manual) cogficients and the cultivar cogficients estonated with
the GLUE method. The average normalized oot mean squared error (nRSME) for LAI and shoot, leaf, and grain weights
was 26% lower for one cultivar and about the same for the other cultivar when compared to the DSSAT standard. Because
GLLE 1ses and-ofseason point-bosed culinar coffcien estimtion ihe grain weigt ovr fime was underestimated in
andmore harvest. The TSE- d on 346 in-season observa-
tions across miliple targer variables and six experiments more H{{‘Ilnllgl], reflocted i-season growth and graim weight
witheut compromising final grain weight predictions.
Eeywords. CROPGRO-Soybean, DSSAT, Genetic coefficients, Normalized root mean square error minimization, Time-se-
ries observations.

Next
coefficients
combination

‘wide range of crop models have been developed.

for various purposes, such as yield prediction,
evaluation of agricultural input management, and
assessment of the long-temn impacts of agricul-

mm practices on soil and deg-

ion (Boote et al., 2010; Ewert et al., 2015; Rotter et al

2015 Tsuji etal., 1998). Ing: s are capable
of predicting crop yﬂmh and quantifying yield-limiting

December 202032
Le432; poroved for pblcgtion 3 2 Reserch Al by 9 nforution
logy, Sencors, & Control System: Community of ASABE on

factors (Hoogenboomet al, 2019a; Thorp etal., 2010) while
capturing the effects of crop management (fertlizer, sowing
date, sowing density, <tc.) and interactions between crops
and the environment (soil. weather, ete.) (Jones et al. 2003)
The Decision Support System for Agrotechnology Transfer
(DSSAT) for capturin

‘many important factors that affect production of more than
40 cops (Hoogenboom et al, 2019z) Within DSSAT, the

from planting fo harvest on a daily basis (carbon and nifro-
gen balances) throughout the vegetative and reproductive
stages with different biomass and yield accunmlation rates.

|

observed values and save for further analysis

Couple model simulation outputs with

vl

Transactions of the ASABE
©2021 American Socety of Agriculnral and Biological Engineers 155N 21510052 s/ org/10 13031 ras 14432

Step 3.

Vel 644y 13911402 1391

Computing nRMSE for each target variable (GWAD etc.) between
observed and simulated values for all coefficient combinations

Select optimum based on selection criteria
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Figure £, Timeseries graphs showing shmulation results for (a) grain weight and (b) shoot weight of Bragg cultivar using three optimization Figure 6. Time-series graphs showing simulation results for (a) grain weight and (b) shoot weight of Willinms cultivar using three optimization
approaches (DSSAT standard, GLUE, and TSE). “Observed” is the Gainesville 1976 experiment data, which were not used in the cultivar coeffi- approaches (DSSAT standard, GLUE, and TSE). “Observed” is the Iowa 1990 experiment data, which were not nsed in the cultivar coefficient
cient estimation process. SaftaRn praoas.




Coupling Pests and Diseases
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COUPLING A PEST AND DISEASE DAMAGE MODULE WITH [esrarea [ ot || sen [ oot || seoa || rosrime J[wrcieriont] E%

CSM-NWHEAT: A WHEAT CROP SIMULATION MODEL

Thiago Berton Ferrewra', Willingthon Pavan?, José Mauricio Cunha Fernandes®, EN: Nitrogen
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+ CSM-NWheat, a DSSAT wheat crop model. was coupled with a pest module named PEST. ——  onimi (o disaass)
+ The coupled model can simulate the impact of pest and disease damage on wheat crops.
* Pest damage is expressed in daily steps by links called ling points.
+ Coupling points are linked with state variables at which pest damage can be applied.
+ Field pest-scouting reports and linear interpolation are used to compute damage rates.

Leaf Area Index (m* m™)

= = 5% plants oestroyed

© 8% wlanle Jusloyed

= 104 planta deatrayed

3000

2000 4
ABSTRACT. Wheat is one of the most important global staple crops and is affected by mumerous pests and diseases. De-
pending on their intensity, pests and diseases can cause significant economic losses and even crop failures. Pest models can
assist decision-making, thus helping reduce crop losses. Most wheat simulation models account for abiotic stresses such as wiod
drought and numrients, but they do net account for biotic stresses caused by pests and diseases. Thergfore, the objective of
this study was fo couple a dynamic pest and disease damage module to the DSSAT model CSM-NWhear. Coupling points
were integrated mto the CSM-NWheat model for applymg daily damage to all plant compenents, including leaves, stems,
roots, and graims, the entire plant, and to the assimilate supply. The coupled model was tested by simulating a wheat crop T T T T 1 . r r r
with virtual damage levels applied at each coupling pomt. Measured foliar domage caused by tan spot (Pyrenophora tritici- ¢ Wm’ s‘.::lu! PT:n Iu“;m} et e e
repentis) was also simulated. The modified model accurately estimated the reduction in leaf area growth and the yield loss v el o g
when compared with cbserved data. With the incorporation of the pest module, CSM-NTheat can now predict the potential
impact of pests and diseases on wheat growth and development, and ultimately economic yield.

Keywords. Biotic stress, Decision support, DSSAT, Model coupling, ield loss.

Grain Weight (kg ha

Figure 4, Sensitivity of the CSM-NWhent module coupled with the disease module to simulate the sffects on (3) LAT and (5} yield when 5%, 8%,
and 10% of the planes are removed.

4000 =

heat (Triticum aestivim L) is one of the most
important cereals in the world and is pro-
duced both as a human food and as a feed for
livestock. Demand for wheat is expected to
increase with the rise in the global population (Singh et al.,
2016). Modem wheat cultivars developed by private and
public wheat breeding programs often exhibit an extensive
geographic adaptation (Braun et al.. 2010). Depending on
the mega-environment. wheat vield and quality are con-
stantly at risk due to numerous pests, including insects_ nem-
atodes. and diseases (Oerke. 2006; Farook et al.. 2019). The
rapid evolution of wheat agrosystems in recent decades has

Subnutted for review on 19 March 2021 a5 mamuscnpt number ITSC
14586; approved for s a Research Article by the Information
Technology. Sensors, & Control Systems Commmmity of ASABE on
23 August 2021,

led to a large variation and variability of crop losses due to
insect pests and plant pathogens (Shewry. 2009 West et al..
2014). Damage due to biotic stresses is estimated to be re-
sponsible for 10.1% to 28.1% of the global production losses
(Savary et al.. 2019).

With computational advances during the past 30 years,
decision support systems have been used in agriculture to
help evaluate farm management and to assist with complex
decision-making (Boogaard et al., 1998; Keating et al.. 2003;
Hoogenboom et al.. 2019a; Tsuji et al.. 1998). The Decision
Suppert System for Agrotechnology Transfer (DSSAT)
computes the soil-plant-atmosphere dynamics to predict
crop development and can help decision makers with identi-
fying improved management responses (Jones et al., 2003;
Hoogenboom et al.. 2019%). The Cropping System Model
(CSM). which is the main modeling engine of DSSAT, sim-
ulates vield for more than 42 crops and has three different

Transactions of the ASABE
Vol 646): 2021 American Society of Agriculnwal and Biclogical Engineers 135N 2151-0032 ttpe-/idod arg10.1303 ) rans 14586 1
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A Joint Training Program of
DSSAT Foundation
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Global Food Systems Institute
International Fertilizer Development Center
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Assoc. Prof. Vera Potopova

Digital edition: CZU - 2023
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DSSAT YouTube Channel

Home Videos

Uploads P Playall

Playlists

Search

DSSAT Foundation

({@DSSATFoundation - 496 subscribers -

More about this channel >

About &l

Channels

-

10 videos

Toseue

Navigating Nuances:
Mastering Cultivar Sensitivi...

178 views - 9 days ago

Created playlists

Cultivar Mastery: Calibrating
Coefficients with DSSAT's...

128 views - % days ago

Crafting Precision: Creating
File A & File T in DSSAT's...

69 views - 9 days ago

B RSSAT

Getting started with DSSAT

Updated 2 days ago
View full playlist

Dealing with input files

Updated 2 days ago
View full playlist

DSSAT Tools

Updated 2 days ago
View full playlist

Unlocking Potential: XBUILD
Tool in DSSAT for Potential...

Crafting Soil Data Files with
SBUILD in DSSAT" %

Crafting the Foundation: Soil
Data Files with SBUILD in...

58 views + 9 days ago 43 views - 9 days ago 55 views + 9 days ago
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UNIVERSITY of
UF [FLORIDA Cooperator Interaction

26" Annual Open Forum on Crop Modeling and Decision Support Systems
Monday, October 30, 2023 @ 7:30 pm

25th Anniial Onan Eariim ™ r Y, lali . A Nacicin slinnort Svetam
25th Annual Open Forum on Crop Modeling and Decision Support System
If you are attending the ASA-CSSA-SS55A 2022 International Annual Meeting in Baltimore, Maryland, come

and join us at the DSSAT Open Forum where we will exchange what's new on crop modeling research, Comimunication and Public

. Engagement for Healthy People
gm and a Healthy Planet

collaboration opportunities, and development on data and fools.

Sz=il

CropScience
Y O SR

+ Date: November 7, 2022
« Start Time: 7:30pm
¢ End Time: 9:00 pm

* Location: Room 312, Baltimore Convention Center

* @-, ﬂ Monday, November 8, 2021
@ 7:30PM-9:30 PM

@ Sait Palace Convention Center - 151 DEF

Description

The DSSAT Foundation Open Forum is an informal discussion and information exchange on the advances of crop
modeling and decision support systems. The forum also provides an opportunity to discuss the developments of
the DSSAT community.



DSSAT
Portal
www.DSSA
T.net

What is DSSAT?

D ecision Support System for Agrotechnology Transfer {D55AT) is software application program
that comprises dynamic crop growth simul ation models for over 42 crops. DSSAT is supported by
a range of utilities and apps for wesather, soil, genetic, oop management, and observational
axperimental dats, and includes example data sets for all oop models. The cop simulstion models
simulate growth, development and yield as s function of the soil-plant-atmasphere dynamics. DESAT
has been applied to address many resl-world problems and issues ranging from genetic modeling to
on-farm and precision manasgement, regional assessments of the impact of climate variability and
climate change, economic and envirenmental sustsinskility, and food and nutrition security. DSSAT
has been used for more than 20 years by researchers, educators, consultants, extension agents, growers,
private industry, policy and decision makers, and many cthers in over 187 countries worldwide. Leam

more.

l 23'] New DS SAT Foundation YouTube Channel

2CT

The DSSAT Foundation now has 8 YouTube channel to assist the user community with
informative videos about the downlesd systemn, installation proceduras and how to manage
thae DSSAT tools and applicstion programs. To scoess the YouTube Channel please click the
link below. Do net forget to hit the subscribe button, leave your like and comments [...]

Continue Reading —

> Bilateral Project Between Ankara University and the University of Florida on
[ 16 J Capacity Building

18, 2023 - News & Eve

. Wor] Comments. OFF

Ankara University, in collaborstion with the University of Florida, developed s project entitled
“Capacity Building on the Dissemination of the Use of Agro-technological Decision Support
Systems in Agriculture.” The project has been funded by the US Embassy in Tukiye under the
auspices of 8 US-Turkiye bilsteral Program. The project team includes seven scientists from

Ankara [...]

Continue Reading —

Request DSSAT

DES5AT is Free of change!

Request to download your own copy today!

» DSSAT \ersion 4.8.2 released in August 2023,

» DSSAT \ersion 4.7.5 relesszed in April 2018,

DS SAT YouTube Channel

Learning DSSAT on YouTube! (New)

\T Youtube Channel

DSSAT 2024 Intern ational Training
Program

The University of Georgia — Griffin Campus
May 20-25, 2024 (updated)

DSSAT Is Supported By

¥ University of Florida
» International Fartilizer Development Center

» and many others



UF riorRioa  Modeling Limitations?

Agricultural Production

* Potential production
* Water-limited production
* Nitrogen-limited production
* Nutrient-limited production
* Pest-limited production
* Other factors

* Intercropping

* Economics

* Food quality

* Human decisions

Model

Aixajdwon

Real World



UF 1 ORIDA Opportunities

Crop Modeling — Fact or fiction?
Environment * Management * Genotype
Economics

Computer simulation model:

— “A mathematical representation of a real-world
system”

Requires careful evaluation for local conditions

Requires “accurate” input data

Opportunities for Hybrid modeling, integrating
Al with crop models



Questions?

UF# 5RiA

Gomes dos Santos

. Miquéias

www.GerritHoogenboom.com

gerrit@ufl.edu
www.DSSAT.net
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