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• 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. 

What is Artificial Intelligence?



Artificial Intelligence Timeline

Rockwell Anyoha, 2017. The History of Artificial Intelligence. Blog, Special Edition on 
Artificial Intelligence. https://sitn.hms.harvard.edu/flash/2017/history-artificial-
intelligence/



CNN: November 11, 2023



CNN: November 11, 2023

– OpenAI 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 AI startup xAI 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 AI wearable device called the Ai Pin.



UF and AI

Univ. of Florida: July 21, 2020



UF and AI

July 21, 2020 & Nov  3, 2023



GEM II: November 6 and 7, 2023



Ron McClendon, early pioneer in AI & 
agriculture



• Traditional agronomic approach:
– Experimental trial and error

Why Crop Models (and not AI)?
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• Traditional agronomic approach:
– Experimental trial and error

• Systems Approach
– Computer models
– Experimental data

• Understand  Predict Control & Manage
– (H. Nix, 1983)

•  Options for adaptive management, risk 
reduction, and short- and long-term 
economic and environmental sustainability

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

What is an agricultural or crop 
model?



• 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

Models and Decision Support 
Systems

Why Models ?



The DSSAT 
Crop Modeling Ecosystem

www.DSSAT.net



• 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

Some Historical Notes on DSSAT



Initial price: US $495 
+ shipping costs

Updated price: US 
$195 + shipping costs

Free download from 
DSSAT portal

Free download & 
Open Source 3-clause 

BSD license

Original Software



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



DSSAT User Community
25,000+ software download requests since August 2017

Country Downloads Country Downloads Country Downloads
India 3527 Thailand 409 United Kingdom 211
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





DSSAT Interface & Organization



Cropping System Model (CSM) Structure



Cropping System Model (CSM) Structure



Plant Modules



Crop Simulation Model

Net Income Resource useEnvironmental

Plant growth 
(grain, biomass, 

roots, etc.)

Plant 
development 

(time to flowering, 
maturity, etc.)

Yield

Soil conditions 
(physical & chemical 
properties by layer)

Weather (daily rainfall, 
solar radiation, max & min 

temperatures, …)

Management events 
(sowing, irrigation, 

fertilizer, organic matter, 
tillage, harvest)

Genetics (cultivar-
specific parameters 

controlling growth and 
development)

Crop Model



1. Require information (Inputs)
Field and soil characteristics
Weather (daily)
Cultivar characteristics
Management

2. Model calibration for local variety
3. Model evaluation with independent data set
4. Can be used to perform “what-if” 

experiments 
5. Provide actionable information for Climate 

Smart Agriculture

Crop Simulation Models

Implementation



 Model credibility and evaluation
 Input data needs:

Weather and soil data
Crop Management
Specific crop and cultivar information
Economic data

Linkage between Data and Simulations



•Yield
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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 

input data.
• Define a minimum set of data that:

– Can be relatively easily collected under 
field conditions by collaborators

– Provides reasonable answers when 
used as input for crop models

Importance of Data

ICRISAT, India 
(1983)



ICASA Data Standards



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



Statewide Variety Testing



• “Best” variety trials selected
- Irrigated
- Very high yields
- No reported pest and

     disease pressure
- No reported water stress

• Selected variety trials
  Plains: 1995, 1996, 2001
  Tifton: 1994
  Midville: 1996

Georgia Peanut Variety Trials- Georgia Green

Tifton

Midville

Plains

Calibration CSM-CROPGRO



Georgia Peanut Variety Trials: Calibration

Calibration CSM-CROPGRO
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Calibration CSM-CROPGRO

Farmers’ Fields (2003) : Model Evaluation
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Genetics & Plant Modules



• Species parameters and functions
– Defines the response of a crop to 

environmental conditions, including 
temperature, solar radiation, CO2 
and photoperiod, as well as plant 
composition and other functions and 
parameters. 

Genetic Coefficients

Cropping System Model (CSM)



Genetic Coefficients

Cropping System Model (CSM)

• Ecotype coefficients
– Defines coefficients for groups of 

cultivars that show similar behavior and 
response to environmental conditions.

• Cultivar coefficients
– Cultivar and variety specific coefficients, 

such as photothermal days to flowering 
& maturity, sensitivity to photoperiod, 
seed size, etc.



Simulation of plant responses to temperature and 
photoperiod

1.0

Temperature (°C)
Temp base Temp Max

Topt 1 Topt 2

Daylength (h)
CSDL

PPSEN

Model 1/d =f(T) x  f(D)
Stagei = f(photothermal days)

Cultivar 
Coefficients

Species 
Coefficients

Cropping System Model (CSM)



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).



Bridging the gap between biotechnology, 
breeding and crop management (and AI?)

• 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)

Gene-based Modeling



• 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

Implementation I: Common bean
Known genes and their physiological responses

CSM-GeneGro-Common bean



Examples of genotypes specified for 
cultivars

Cultivar Ppd Hr Fin Fd Ssz1 Ssz2 Ssz3

Redkloud 0 0 0 0 1 1 1

Calima 1 0 0 0 1 1 1

Pinto UI114 1 1 1 1 1 0 1

Jamapa 0 0 1 0 0 0 1

Porrillo S. 1 0 1 0 0 0 1

Fleetwood 1 0 0 0 0 0 0

Seafarer 0 0 0 0 0 0 0

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

CSM-GeneGro-Common bean



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 

R2 = 0.46**
• Two genes that interact (epistasis):

Photoperiod sensitivity
PPSEN = 0.001 + 0.023*Ppd + 0.062*Ppd*Hr  

R2 = 0.47**

CSM-Genegro-Common Bean



Version 2.0
Field data for modeling (2005):

• 46 cultivars
• Various treatments

– Irrigation
– Row spacing 
– Planting dates 

• Calibration data
– 10 trials:

• USA, Mexico, Colombia, Canada
– 177 observations

• Evaluation data
– 26 trials:

• USA, Mexico, Colombia, Canada
– 333 observations

CSM-GeneGro-Common Bean



Evaluation data set - RMSE
Variable CROPGRO GeneGro

Days to anthesis 4.3 5.0

Days to maturity 5.7 6.0

Grain yield (kg/ha) 1020 1070

Above ground wt. (kg/ha) 2180 2120

Unit grain wt. (mg) 0.08 0.12

Cropping System Model



Kellogg Biological Station, Michigan
 Planted on July 9
 Rainfed
 Kalamazoo Loam
 73 years of weather data

 1930 – 2002
 96 genotypes

 Ppd * Hr * Fin * Fd *  Ssz1 * Ssz2 * Ssz3
 128 potential combinations: 27

 eliminate ppd * hr

CSM-GeneGro-Common Bean

Kellogg Biological Station, Michigan
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Median Yield

CSM-GeneGro-Common Bean



1111110
ssz3 recessiveMean Yield vs Variance

CSM-GeneGro-Common Bean



• 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

Yield Performance

CSM-GeneGro-Common Bean



Predicting time to flowering for dry bean based 
on QTL and Environmental Variables



Linear Mixed-Effects Statistical Model
● Time to Flower = μ + G ij + E j + (G*E) ij + ε ij

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

● 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



Gene-Based Model Integration diagram



Multi Environment Phenotyping (5 sites)
● Citra, Florida

○ Avg. Temperature: 32/18 °C
○  Day-Length range: 12:30 – 13:30 h

● Prosper, North Dakota
○ Avg. Temperature: 27/13 °C
○  Day-Length range: 15:20 – 15:53 h

● Palmira, Colombia
○ Avg. Temperature: 29/19 °C
○ Day-Length range: 11:56 – 11:58 h

● Popayan, Colombia
○ Avg. Temperature: 23/13 °C  
○ Day-Length range: 12:08 – 12:11 h

● Isabela, Puerto Rico
○ Avg.  Temperature: 29/19 °C  
○ Day-Length range: 11:30– 12:35 h



Predicted versus Observed Flowering

Original ModelGene-based Model



Final Simulated Yield

Gene-based 
module integrated 

into the Main 
Model

Original Model



Gene-Based Model Integration diagram

AI-Based 
Prediction 

Module



• 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 AI Prediction?

Crop Model Applications



Meta analysis on the evaluation and application of DSSAT 
in South Asia and China

205 papers published from January 2010 – February 2022



Meta analysis on the evaluation and application of DSSAT 
in South Asia and China: Recent studies 2010-2022

Ceres-Wheat 
(63)

Ceres-Rice 
(26)

Ceres-Maize 
(35)



Low input systems model 
intercomparison



ET intercomparison

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



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?

Core Questions for 
Regional Integrated Assessment



Example Study
Punjab, Pakistan under 
the auspices of the 
AgMIP Project

Climate Change



• 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

(source Ashfaq et al, 2015)

Punjab, Pakistan



• 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

Punjab, Pakistan



Research for Crop Model Evaluation



On-Farm Wheat Model Evaluation

APSIM DSSAT



Climate Change Impact on Wheat (source 
Ashfaq et al, 2015)
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Climate Change Impact on Rice (source Ashfaq 
et al, 2015)
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• 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

Climate Change Impact on Rice-
Wheat Production



•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.)

Climate Change Adaptation



Policy Brief



Crop Yield Forecasting Using the CCAFS Regional 
Agricultural Forecasting Toolbox (CRAFT) in the 

Oromia Regional State of Ethiopia

Kindie Tesfaye, Esayas Lemma, Robel Takele, Vakhtang Shelia , Addisu Dabale,

Pierre C. Sibiry Traore, Gerrit Hoogenboom, Dawit Solomon

GHACOF 56,  August 26, 2020

Greater Horn of Africa Climate Outlook Forum  



Model inputs and outputs 



Forecast:



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



Modeling cassava as part of the 
agronomic decision support service 

for smallholder 
growers in Africa

African Cassava Agronomy Initiative
 (ACAI) project

Project funded by the Bill and Melinda 
Gates Foundation



Estimated cassava yield 
(t/ha) under different 

planting and harvesting 
months in Nigeria.

Spatial layer of estimated 
cassava yield (t/ha) for April 

planting with harvesting age of 
10 months.

DSSAT*

*Decision Support System for Agrotechnology Transfer (DSSAT) 

African Cassava Agronomy Initiative
 (ACAI) project



Akili smart     Kilimo agriculture  

African Cassava Agronomy Initiative
 (ACAI) project



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

Crop model applications at larger spatial scales

www.agprofessional.com



Efficient parameterization approaches: 
use case from Senegal
1. Rice simulation in Delta Region, Senegal River Valley

Fig. Location of Senegal (in green) 
in Africa

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

Senegal River Valley



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

Fig. Senegal River Valley (in 
yellow)

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

Environmental input data

Daily Weather
 NASA POWER: Solar radiation, Tmax and 

Tmin (www.power.larc.nasa.gov/)

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

Soil
 Global High-Resolution Soil Profile 

Database
 Harvest Choice Soil Database 

Data collection approaches:
• Multi-site-year field 

experiments 
• Expert Interviews
• Extensive literature review
• Local and public data 

sources

164 Simulation 
POINTS

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 
extract information from scientific 
papers and reports 

The system is built using the rule-
based information extraction 
framework 

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



Machine Reading 
System
• Supply papers and 

reports

• Convert pdf to text

• Tokenization (text into 
words and sentences)

• Entity (variables of 
interest) extraction

• Event extraction (assigns 
value to variables)

• Add Context 

• Post-processing



PlantingDate N/A from 29 February to 1 April in the 2012DS planting rice N/A 2012DS 0 from 22 August to 26 September in 2011WS 2011-08-22 -- 2011-09-26
PlantingDate N/A from 5 to 23 March in the 2013DS planting rice N/A 2012DS 0 from 29 February to 1 April in the 2012DS 2012-02-29 -- 2012-04-01
PlantingDate N/A from 22 August to 26 September in 2011WS planting rice N/A 2012DS 0 from 5 to 23 March in the 2013DS 2013-03-05 -- 2013-03-23
PlantingDate Rosso early November planting Jaya N/A 1999WS 0 between 7 and 22 July XXXX-07-07 -- XXXX-07-22
PlantingDate N/A the end of November planting Sahel 202 N/A 2000WS 0 between 19 July and 4 August XXXX-07-19 -- XXXX-08-04
PlantingDate N/A before 29 July planting N/A N N/A 0 before 29 July XXXX-XX-XX -- XXXX-07-29
PlantingDate N/A before 29 July planting N/A N 2000WS 0 before 29 July XXXX-XX-XX -- XXXX-07-29
PlantingDate N/A 2000WS planting N/A N 2000WS 0 before 29 July XXXX-XX-XX -- XXXX-07-29
PlantingDate N/A 1998WS planting N/A N/A 2000WS 0 after 29 July in the 2000WS 2000-07-29 -- XXXX-XX-XX

Planting window

PropertyAssignment N/A 2000 planting Sahel 108 N/A wet season 0 medium duration
PropertyAssignment N/A 2000 planting Jaya N/A wet season 0 medium duration
PropertyAssignment N/A 2000 planting Sahel 202 N/A wet season 0 medium duration
PropertyAssignment Nakhlet from 4 to 7 November planting Jaya N/A N/A 0 129 days
PropertyAssignment N/A from 4 to 7 November planting Jaya N/A N/A 0 109 days
PropertyAssignment N/A N/A harvestingJaya N/A N/A 0 20 days
PropertyAssignment N/A N/A planting Jaya urea N/A 0 50 days
PropertyAssignment Rosso 1970-1984 N/A Sahel 108 N wet season 0 11 days
PropertyAssignment Rosso 1970-1984 N/A Jaya N wet season 0 1 day
PropertyAssignment Rosso 1970-1984 N/A Sahel 108 N wet season 0 10 days
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 RiverFrom May to June natural_disasterRice N/A dry season 0 120 days
PropertyAssignment Podor 1995 planting indica N/A wet season 0 short duration
PropertyAssignment Podor 1995 planting indica N/A wet season 0 slender grain
PropertyAssignment Podor 1995 planting Aiwu N/A wet season 0 short duration
PropertyAssignment Podor 1995 planting Aiwu N/A wet season 0 slender grain
PropertyAssignment Podor 1995 planting I Kong Pao N/A wet season 0 short duration

Cultivar Information



Machine Reading and Inputs to DSSAT

• Growing 
season

• Cultivars
• Cultivar 

characteristics 
• Planting 

window
• Fertilization 

strategies
• Yield range

Management and 
genetics input data

Cultivar and Management 
practices

 Expert interviews

 Machine reading

 Remote sensing

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



Plots near Ronkh region in Senegal River Valley- 2019 
wet season

Gridded weather and soil data at 5 arc-min resolution

Management and 
genetics input data

Cultivar and Management 
practices

 Expert interviews

 Machine reading

 Remote sensing

When 
and 
where 
flooding 
happene
d?



Flooding 
maps



Mata
m

PodorDagan
a

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

Season

Region Average yield (kg/ha)
Dagana                               6,357 
Podor                               6,021 
Matam                               5,038 
SRV                               6,276 



Mata
m

Podor
Dagan

a
Region Planted area (ha) Production (t)
Dagana                    29,548                       187,850 
Matam                       1,083                           5,455 
Podor                       4,123                         24,823 
SRV Total                    34,754                       218,129 

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

Hot Season

Hybrid Approach: 
• AI & Machine learning
• Remote Sensing
• Crop Modeling



DSSAT User Community
Software download request since August 2017

October 30 > 25,000

Country Downloads Country Downloads Country Downloads
India 3527 Thailand 409 United Kingdom 211
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



CROPGRO-Strawberry



Time Series Calibration



Coupling Pests and Diseases



DSSAT 2002 @ University of Georgia (33)

Capacity Building & Training

DSSAT 2022 @ University of Georgia (53)

DSSAT 2023 @ University of Georgia (58)



DSSAT 2021 @ TUM, Germany

Capacity Building & Training

Bangkok, Thailand - 2023

Ankara University, Turkiye - 2023

ILRI, Ethiopia - 2022Kazakh Agrotechnical University, 
Astana, Kazakhstan - 2022

Technical University of Munich, 
Germany - 2021



Capacity Building

Train the Trainers



On-line training

DSSAT YouTube Channel



DSSAT Hackathon

18th Development Sprint @ UF, January 17–20, 2023

17th Development Sprint @ UC Davis, July 25-29, 2022

20th Development Sprint @ UF, January 8–12, 2024



Cooperator Interaction
26th Annual Open Forum on Crop Modeling and Decision Support Systems

Monday, October 30, 2023 @ 7:30 pm



DSSAT 
Portal 
www.DSSA
T.net



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

Real World

C
om

plexity

Modeling Limitations?



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 

AI with crop models

Opportunities



Questions?

Source: Miquéias Gomes dos Santos

gerrit@ufl.edu
www.GerritHoogenboom.com
www.DSSAT.net
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