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Deep Learning is efficient to determine plant structural traits
The development of high-throughput
phenotyping platforms opens new avenues
to characterize plant structure by being able
to provide frequent optical observations of
crop canopies. That new availability of
optical data requires the use of automatic
approaches to extract relevant information
of plant or canopy structure (e.g. structural
traits like the amount of leaf area, the
density of plants and plant organs). The use
of deep learning algorithms is very popular
in plant phenotyping, as it is efficient in
determining several structural traits such as
plant counting detecting the presence and
estimating the density of reproductive
organs[1], or identifying individual crops [2].
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Figure 1: Plant Phenotyping from Interpretation of
multiple sensors source with Deep Learning.

Figure 2: Plant and organ localization with Faster RCNN
[3]. These results come from UMT CAPTE.

Real world datasets in agriculture are heterogeneous
Despite these important advantages, the empirical nature and complexity of deep learning often makes
difficult to understand how the variability of image features may condition the reliability of a trained CNN
applied on unseen data. Even under similar acquisition set-up environments –e.g. same camera, same
measurement protocol– the operational use of CNNs to solve object detection/counting problems in
phenotyping experiments exhibit some dependence of the domain when applied to dataset outside the
training set. A hypothesis is that the datasets in agriculture are not homogenous. In practice, a training dataset
is constituted from lot of images (few hundred to millions of images) coming from few campaigns (less than
20) of acquisition. A campaign of acquisition is a set of images acquired in a similar location at a similar period
with a similar sensor. Each campaign has their own characteristics, resulting to a low variance between images
from the same campaign and high variance between campaign. This heterogeneity can lead to a domain shift
between train data and test data.

Figure 3: Left: Extract of images from 12 different acquisitions campaigns on sugarbeet. Right: projection with
UMAP of features from images extracted with pretrained VGG16. Each color corresponds to one campaign

Weak supervision reduces domain-shit

Figure 4: Evolution of counting error, evaluated with
RMSE (plant/m2) with the diversity of the training
dataset, applied on the case of sugarbeet.
The 12 campaigns from sugarbeet dataset are
available. 6 are used for training and 6 for validation.
Subsets of training set are generate with increasing
number of campaign (from 1 to 6), but the same
number of images, to train a detection model. For
each number of campaigns, every combination of
campaigns were tested.

Adversarial strategies for domain adaptation

Labelling is a tedious process in agriculture applications because it requires
expertise to label images. Thefore our labeled training set will always be
limitedWeak supervision provides a solution to leverage unlabeled data to
improve the robustness. One weak supervision approach, Data distillation [4] is
an iterative re-training process that incorporates automatically information
from the test dataset to improve the generalization of the model.

Figure 7: CycleGAN applied on
domain translation between two
acquisitions campaigns of wheat
ear.

Figure 8: Domain-adversarial training of neural networks [5]

Figure 5: Left: Training with Data Distillation strategy. Right: RMSE counting
error against ground measurement depending on the number of distilation
Figure 6: Red: results
on wheat ear detection
without
distillation,
Blue: results after 5
iterations
of
Data
Distillation
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