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INTRODUCTION

METHODOLOGY

Machine learning and especially deep learning have become increasingly popular in recent years.
However, these algorithms are dependent on the availability of annotated training data, as they
are still primarily trained using supervised learning.

The applied GANs model, WacGAN-info is inspired by three previous GANs designs:

There exists many publicly available dataset online. However, for domain specific applications
such as plant detection and recognition the availability of annotated training data is limited
(Tsaftaris et al. 2016). Due to this, it is challenging to train deep learning algorithms for plant
seedling classification.
It is relatively easy to collect new data in the domain of agriculture. However, the annotation
process is often very time-consuming and require a high level of expertise, since plant seedlings
are visually similar across multiple species (Minervini et al. 2017). Even with expert annotators, the
process is prone to errors (Dyrmann et al. 2016).
Alternatively, a generative model could be used to produce artificial samples that mimic properties
of real data samples.
In this work we explore the possibility of using a generative adversarial networks (GANs) model
(Goodfellow et al. 2014), to produce artificial samples of nine different species of plant seedlings.
The model is trained semi-supervised to produce samples that are distinguishable across the
different species and to allow some user-control over the appearance of the artificial samples
through a set of latent variables.

• WGAN-GP (Gulrajani et al. 2017), ACGAN (Odena et al. 2017) and infoGAN (Chen et al. 2016).
Network design:
• The network designs are inspired by Odena et al.:
• The discriminator, 𝐷 𝒙 , is implemented as a convolutional neural network with three
parallel outputs: 𝐷𝑆 , 𝐷𝐶 and 𝐷𝐼
• The generator, 𝐺(𝑧, 𝑦, 𝑢), is implements as a deconvolutional neural network.
Objective function:
The WacGAN-info objective is divided into three parts: a source loss, 𝐿𝑆 , a class loss, 𝐿𝐶 , and an
information loss, 𝐿𝐼 :
• The source loss, 𝐿𝑆 , is used to distinguish between the real and artificial data distribution. 𝐿𝑆 is
implemented as a Wasserstein loss with gradient penalty as described by Gulrajani et al. :
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• The class loss, 𝐿𝐶 , is used to ensure the generator produces distinguishable samples for each
class. 𝐿𝐶 is implemented as the cross-entropy loss between the expected output, 𝑦, and the
output of the discriminator’s classification branch, 𝐷𝐶 (𝒙):
𝐿𝐶 = 𝔼𝒙~𝑝𝑟 −  𝑦𝑖 𝐷𝐶 𝑖 𝒙

Figure 1: Examples of plant seedlings from nine different
species. The examples are taken from Giselsson et al. 2017
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• The information loss, 𝐿𝐼 , is used to ensure information preservation
through the GANs setup, thus enabling control over the sample
appearance. 𝐿𝐼 is implemented as the mean square loss between
the intended info variables, 𝑢, and the predicted info variables of
the discriminator, 𝐷𝐼 𝒙 :

𝐿𝐼 = 𝔼𝒙~𝑝𝑔 −  𝑢𝑗 𝐷𝐼 𝑗 𝒙
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Figure 2: WacGAN-info model configuration. 𝑧, 𝑦 and 𝑢
are the model inputs corresponding to noise vector,
class vector and latent info vector respectively. The
signals 𝐷𝑆 , 𝐷𝐶 and 𝐷𝐼 are parallel model outputs
corresponding to the distribution estimation (true or
artificial samples), the class estimation and the info
variable estimation.
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PRELIMINARY RESULTS

RESULTS

RESULTS

Generating artificial images of plant seedlings
• Producing discriminable samples from multiple classes, while
maintaining relative high intra-class variance.

Class discriminability
• The class discriminability is assessed using an external
ResNet101 classifier trained for the plant seedling
classification.
• The accuracy measure indicated how often a WacGANinfo sample is recognized as the intended species.
• Recognition accuracy on all WacGAN-info samples:

Controlling the visual content using latent variables
• The WacGAN-info model is trained to preserve information,
stored in the latent variables, 𝑢.
• The latent variables seem to capture dominating modalities in
the data, such as rotation/orientation or size of the plant
seedlings.
• The latent variable thus enables control over these modalities:

• Exploring the relationship between the discriminator’s
confidence in the artificial samples and the recognition
accuracy reported by the external classifier:

Figure 5: Visualization of the information space using two uniformly distributed continuous
variables. The visualization show that specific combinations can be used to control the
rotation and size of the generated plant seedlings. All samples presented in the plot is
supposed to represent Common Chickweed.
Figure 3: Artificial samples of plant seedlings generated using the WacGAN-info model.
Each column represents a different species and each row is generated using the same
unique noise vector.
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Figure 4: Average accuracy of recognizing the intended species from the WacGAN-info
samples, when evaluated using an external classifier, as a function of the discriminator’s
confidence in the sample belonging to the correct class (𝐷𝐶 𝒙 ).
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