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Soybean yield response to planting date simulated for 25 year at Gainesville FL (Boote et al. 1996)
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(d) Classified weed species types




Unclassified / Non classifié

Random Forest (RF)

EXAMPLES

Tree-1 Tree-2 Tree-n

(Breiman, 2001)
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Classification prediction by

random forest (rf), support vector machine

- (svm), and naive Bayes (nb) methods for disease
P intensity classes 1 to 5, in coffee field, Santo
Antonio do Amparo, Minas Gerais, Brazil

(de Carvalho Alves et al., 2022)
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Process Based Machine Learning

* Need to collect data for many
variables

Easy set up

Less variables needed
* Expert knowledge to calibrate

Needs a lot of data points
* Simulates daily values

Hard to interpret
* Interpretable




Classification Forecast of High or Low Sugarcane Yield
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(Everingham et al., 2016)
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Hybrid

* Improved Yield Predictions in the US Corn Belt by
up to 20%.
(Shahhosseini et al., 2021)

* Improved Yield Forecasts in southeastern
Australian wheat belt.
(Feng et al., 2020)
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Unclassified / Non classifié

Questions

‘jé Can a crop model calibrated on research farm data be used for industrial fields?
|_ Can Random Forest predict yield for individual field-years?
l Will a hybrid approach improve predictions?

What if we irrigated according to crop water need?



Model Performance

Model RMSE NRMSE nMBE
STICS 54.95 cwt/ac. -6.95%
Random Forest 63.60 cwt/ac. -1.88%
Hybrid 49.06 cwt/ac. 0.22%

<10%




Unclassified / Non classifié

Important Variables

Water stress and Nitrogen uptake Soil pH % OM in Soil
evapotranspiration and loss
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Predicted Average Yield With No Water Stress Vs. Actual Average Yield
450

430

410 +10.3% I

)
w
(o]
o

()
: +7.8% I ®
I

.

370

350
330

Fresh Yield (cwt/ac.

w
=
o

+23.5%
290

270

O]
250
2014 2015 2016 2017 2018 2019 2020 2021 2022

Year

@® Average Predicted Yield @ Average Predicted Yield no WS




Simulated Daily Evapotranspiration
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Limitations

* Errors in Measured Data

* Errors in Input Data

* Lack of Data

* Incorrectly represented relationships

* Forecasting can be difficult




ake Home Messages

* Crop modelling is continuing to improve

* Combing Process Based Crop Models and ML
gives better predictions

* Need more and better-quality data

* Models can be a useful tool
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