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Too little data for field-scale crop yield forecasting? Not with transfer learning!
E. Bueechi, F. Reu3, L. Homolova, M. Pikl, V. Lukas, M. Trnka, W. Dorigo
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Transfer learning

Background Key findings
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Transfer learning is a deep learning
technique where a model is trained on a
certain domain and applied to another,
related, domain. These domains can be
different geographical areas or different
tasks like using the image classification
model Imagenet for remote sensing data.
In transfer learning, the model is trained
on the original domain and retrained
(finetuned) with some samples of the
target domain to adjust the model to this
new domain.

Climate change threatens global agricul-
ture, necessitating optimised resource
management to ensure food security for
an increasing population. Field-scale crop
vield forecasts, using machine learning and
Earth observation data, have great
potential for adaptive farm management, O e 80 % 30 4 e 80 %% 20 a0 e s
but the development of such models is Jeed samples 1 Jsed samples 1 Jsed samples [

limited by the scarcity of field-scale

training data. Transfer learning has Comparison of the performance of the field trained model and the
transfer learning approach with varying amounts of training data

Pearson's R

—— reg2fld ft —— fld2fld

provided a solution to tackle data scarcity

in other domains, yet for crop yield e Transfer learning significantly outperforms
forecasting it is still in its infancy. In this

study, we tested transfer learning to train a Classic deep Ie.ammg approaches |

crop vield forecasting model on a regional * 50-75% less field-scale data is required to

scale and apply it on a field scale. achieve same performance with transfer
learning compared to field-trained models
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Model setups with the used train, fine-tune and testing Random 30-fold cross-validation of the models for the different lead times Leave-1-year-out cross-validation (L1YOCV) on top and
datasets. Each dataset is split into 80/20% training and distribution of predictors and crop yields below.
testing samples. For reg2fld ft 80% of regional data is  Performance increasing towards harvest (LT4 to LT1)
used for training, 80% of field data for fine-tuning, and * Fine-tuned transfer learning approach always outperforms other models  Performance of models not good in LIYOCV
the remaining 20% field data for testing. All models are * Transfer-learning without fine-tuning leads to worst results * Reg2reg model performs ok, which is related to a
run at four lead times prior to harvest (1-4 months).  Good results obtained with errors ~15% and R~0.75 with LT1 more similar distribution of the yields and predictors
in train and test sets compared to field-scale data
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