
Methods 

Existing work uses superpixels, where the pixels within the plot boundary 

are aggregated into a fixed-length vector. This lacks contextual information.

We propose two methods to use CNNs to provide contextual information, 

and apply to tiny areas. First is the Centred method, analogous to 

classification, which makes a single regression prediction for a small image 

patch. Second is Per-pixel - analogous to segmentation - which predicts per 

pixel and is aggregated afterward - like the input aggregation of superpixels.

Aims
To train and compare several machine learning and deep learning models 

that map from pixels to growth traits using a small collection of images of 

crop breeding trials and corresponding ground measurements. In particular, 

explore predicting for small areas while using whole-image models (e.g. 

classification) or per-pixel models (e.g. segmentation).

Results
Multiple models per method were trialled, and a simple Centred ResNet18 

[2] performed the best, on average, overall. Per-Pixel UNet++ [3] performed 

almost as well as ResNet18, but was sensitive to aggregation parameters. 

The Superpixel methods were all outperformed by most CNN models. This 

implies the CNN models were able to utilise extra contextual information.

Measured absolute R2 values are large due to correlations in the data, so 

we include a hypothetical model which perfectly predicts the average trait 

value per image as a reference point. When evaluated on each image 

separately, the R2 were lower, but still much better than random.

Introduction
Grave food insecurity concerns from a growing population and climate 

change have lead to significant interest in improving the yield and resilience 

of staple crops through crop breeding. [1]

Remote sensing potentially offers a cheap and non-destructive method to 

collect plant growth data more frequently than previously possible. Recently, 

satellite images have become precise enough to resolve individual plots in 

crop breeding trials from space.

The main technical challenge is, then, mapping from pixels to growth traits. 

Convolutional Neural Networks (CNNs) are used in many other computer 

vision tasks, and thus were chosen as the main model type for this task.
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The Centred method - Take a whole image patch as input; predict for 

just the central plot

Results - R2 - error bars across 5-fold validation - A simple ResNet18 
performed best on each predicted trait, and overall. 
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The Per-Pixel method - predict per-pixel, then apply a fixed function to 
aggregate to a per-plot prediction afterwards.


