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Potato Production in

Prince Edward Island

* 5% most produced crop globally (Fao, 2021)

o 24.2% of land area (Magsood, 2020)

* 84% of total exported agrifood products
(Magsood, 2020)

e 10.8% of the GDP (Magsood, 2020)

Image source: https://www.ragyrand.ca/en/our-products/fruits-et-legumes/legumes/pomme-de-terre/patate-russet-chef--26771/



Yield Prediction

e Crop management decisions
(Morissette et al., 2016, Shahhosseini et al., 2019)

e Economic trading
(Jeong et al., 2016, Shahhosseini et al., 2019)

e Agricultural policy development
(Jeong et al., 2016)

e Food Security
(Shahhosseini et al., 2019)

e Adaptation strategies with climate change
(Jeong et al., 2016)

Increase 1-1.4°C can reduce potato yields by 18-32%
(Magsood, 2020)
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STICS

Simulateur mulTldisciplinaire pour les Cultures Standard / Multidisciplinary Simulator for Standard Crops
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Random Forest (RF)

EXAMPLES

Tree-1 Tree-2 Tree-n
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Research Questions

:-é Can a crop model calibrated on research farm data be used for
industrial fields?

\ﬁ Can Random Forest predict the yield of unseen fields/years?
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Industrial Farm Data

Provided by Matt Ramsay

Oyster Cove Farms, Prince County, PEI
46°29°N, 63°42" W
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* Calibrated and evaluated on research fields

e Russet Burbank

e Ste. Foy, Quebec and Fredericton, New Brunswick
e 2012-2013

e Crop Coefficient

ST‘ CS Two Options for Water Balance Calculation:

Calibrated 1. Crop Coefficient
M d ‘ e Simplified
ode » Reference crop evapotranspiration x Crop Coefficient

2. Resistance Approach
* More sophisticated

e Soil evaporation and crop water requirement
calculated separately




STICS with Crop Coefficient on Industrial Farm Data
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STICS with No Water Stress, Crop Coefficient  STICS with Uncalibrated Resistance Approach
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STICS Water Stress Parameters

Parameter Description Unit Default Adjusted

. Climatic component for calculation of actual soil
aclim mm 20 4

evaporation

cumulative soil evaporation above which
qo P mm 4 3

evaporation rate is decreased

rsmin Minimal stomatal resistance of leaves s/m 10 200



STICS with Calibrated Resistance Approach
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Research Questions

:-é Can a crop model calibrated on research farm data be used for
industrial fields?

\ﬁ Can Random Forest predict the yield of unseen fields/years?



Random Forest
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Top 10 out of 43 Total Features:

Cumulative GDD to Harvest Date

Cumulative Growing Season GDD (May to
Harvest Date)

Total September Precipitation (mm)
Julian Harvest Date

Total Growing Season Radiation
DEM Slope

Julian Sowing Date

% Clay (Top 20 cm)

Soil pH (Top 20 cm)

% Organic Matter (Top 20 cm)

Train/Test Split:

Test on specific field year,
train on the rest

Number of Features
Sampled at Each Node
6

Number of Trees:
300




Random Forests for Unseen Field Years
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Performance on Field Years

STICS RF
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Conclusion

*  Both models performed well

* STICS outperformed RF overall but the better model
varied for individual field years

* Crop models calibrated using crop coefficient need to be
recalibrated for resistance approach

* RF can produce good predictions at the field scale

Next Steps

Testing RF Performance

* Increase dataset size including CANSIS data

* W.ith cross validation

Testing “Hybrid Approach”

'Im_age Source: https://www.cbc.ca/news/canada/grince
edvT/ard-isIand/pei-potato-u-s-border-clos%-wart.l
planting-1.6393944 -

*  Combining crop model outputs with ML

17
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Morissette et. al (2016) Original
Calibration and Evaluation
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Morissette et. al (2016) Calibration and
Evaluation after Resistance Approach
Adjustments
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Test Sets for Random Forests for
Individual Field Years

Number of Number of
Field Year Datapomts Field Year Datapomts

L-2015 P-2017

1-2016 57 GRS-2019 28
BR-2017 38 1-2019 54
CN-2017 40 1C-2019 56
113-2017 47 OCR-2019 47
JM-2017 45 0S-2019 25
L-2017 518 P-2019 32
M1-2017 77 RB-2019 17
M4-2017 55 IM-2020 12

0S-2017 25 L-2021 516
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Out-of-bag predictions
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