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Though food security is a key global issue, it is especially prevalent in

Model Performance On Chronological Splits

Problem Statement

We predict crop yields at the county level. We predict over each year
and growing season.

For each labeled year, we have a collection of images. Each image x

e Large amounts of variation depending on model and country

e LSTM + GP model consistently outperforms others

o« The models trained on randomized splits consistently performed better than those
trained on chronological splits
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e Baseline: Ridge Regression on Avg. NDVI and Temp. for each timestep
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e Gaussian Processing (GP):
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e We restrict the images around the peak NDVI of that year. We use 6 e - T e T features that may not be captured by remote sensing data.
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months worth of images, with more months towards the growing
season (before peak).

We split our data into train/val/test using two different methods:
o Randomized: randomly split (80/10/10).
o Chronological: data from the most recent year as the test set. We

Chronological error plots for Ethiopia training and testing on random
splits. Incorporating the temporal and spatial information through GP
improves performance significantly.

Discussion and Future Work

e LSTM with Gaussian Processing produces the best results.
e Using randomized splits, all models achieve high levels of accuracy
e Using chronological splits, performance varies

average results predicting over the 5 most recent years, training on jz: Malawi ’ 3'5: Nigeria ,,/ o possibly due to differences in feature and label distribution and data
preceding years. 30, e " zz pdl quality.
‘. i £ 20 ’ .:’10’ e Combined model shows that a collective model performs competitively
e For our main findings, we predict in-country. To test transferability, we =1 ,».’{ . . s /:ﬁv with in-country models, suggesting that the model can learn important
also build a combined model, which takes in data from all countries. NIPZAE 203 /'/ out-of-country features.

This model is tested on the randomized splits.
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The graphs above are error plots for the LSTM Model and chronological

Overall our models show that it is possible to predict crop yields using these
methods at a relatively high level of accuracy. The results from Gaussian
Processing model also emphasizes the importance of incorporating
temporal spatial features when predicting crop yields.

splits for Nigeria and Malawi. They indicate how different countries lead to

very different errors due to differences in the ground data distribution .
For future study, different architectures such as a CNN model run on the

histograms or the raw images may also attain significant results.
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