Can Machine Learning and Crop Models Help Farmers?
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Figure 2. Overview of a Random Forest ML model performing a
classification problem (Source: TensorFlow).

] To determine if a crop model calibrated on research farm data can be used for industrial fields.

] To determine the performance of RF models on predicting the yield of unseen field-years.

J Investigate if a hybrid approach will improve model performance.

Methodology

Industrial farm data (Figure 3) from Prince County, PE was obtained for years 2015-2021. A subset of 20
field-years was taken from this data which were growing Russet Burbank and had soil sample data from
the top 20cm (this subset excluded 2018). This dataset contained ~2000 gridded yield data points.

STICS

STICS was calibrated for Russet Burbank by Morissette et al. (2016) in research fields in Ste. Foy, QC and
Fredericton, NB. Evapotranspiration was calculated using the simplified Crop Coefficient Approach (CSA) .
The evapotranspiration can also be calculated using the more sophisticated Resistance Approach (RA)
using a daily time step. The difference of the two approaches is summarized below:

1. CSA:  Reference evapotranspiration x Crop Coefficient

2. RA: Estimates soil evaporation and crop water requirement separately

Random Forest Alone

Feature Selection:
* 43 initial features.
* Obtained from climate, soil and management data.
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Figure 4. Hybrid approach framework based on concept by Shahhosseini et al. (2021).

10. Average denitrification rate (kg/h/d)

11. Ratio of water content in top 30cm soil layer to
field capacity (mm)

12. Above ground fresh matter (t/ha)

3. Stomatic water stress index (0-1)
4. Plant N uptake (kg/h)
5. Start date of plant physiological maturity (DOY)
7. Cumulative crop cycle transpiration (mm) 15. Max depth of root system (cm)
8. Cumulative crop cycle evapotranspiration (mm)
17. Cumulative NO,-N leached over crop cycle (kg/h)
18. Amount of N in harvest organs (kg/h)

Figure 5. Feature importance obtained with RF using the hybrid approach.

Results and Discussion

STICS

STICS with CSA underpredicted yield (RMSE: 285.4 ctw/ac. nRMSE 74.3%, nMBE: -73%). A nRMSE

(normalized root mean squared error) >30% has poor performance (<10% is excellent, 10-20% is good)

(Jamieson et al., 1991). The water stress was not well predicted under CSA. We tested STICS with the RA by

recalibrating two parameters: aclim — the climatic component for calculation of actual soil evaporation,

which is dependent on windspeed and is site specific, and rsmin — the minimal stomatal resistance of

leaves and is cultivar specific.

STICS with RA:

* Performed well overall (Figure 6. A).

* A normalized mean bias error (nMBE) of -6.95% indicates a slight underprediction.

 The underprediction was larger in higher yielding years.

e Simulated yields for 2019 (cool year with average growing season precipitation levels) and 2020
(drought year) were quite accurate.

Random Forest Alone

* Led to highest nRMSE (i.e., 16.6 %)

* Improved nMBE compared to STICS (e.g., from -6.95% to -1.88%)

* Predicted yield in 2021 relatively well, for which RF was trained entirely on previous years’ data.
* OQOverpredicted yield in few years greatly (e.g., 2020).

* Predicted drought years poorly. This was also reported by other ML models (e.g., Shahhosseini et al.

2021). The drought year yield prediction is particularly important under changing climate.

to water balance, which highlights the
importance of precise estimation of
evapotranspiration by STICS with RA.

Actual yield (cwt/acre)

Figure 6. Performance of yield prediction by STICS,
RF Alone and Hybrid approach. Points closer to
the one-to-one line indicate better prediction.

Conclusion

* RA enhanced STICS’s yield prediction performance significantly compared to CSA.

* RF Alone performed well in predicting unseen field-years.

e STICS predicted drought year best and underpredicted higher yielding years.

Both RF Alone and Hybrid overpredicted drought year and predicted most other years

well.

* Hybrid approach had best performance overall.

* Water (e.g., water stress, evapotranspiration) and N balance (e.g.,. plant N uptake)
variables were among most important features for the hybrid approach.

 Combining the strengths of STICS and Machine Learning models provides a good yield
prediction tool for farmers to make crop management decisions under changing climate.
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