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ABSTRACT

With a limited amount of arable land, increasing demand for
food induced by growth in population can only be meet with
more effective crop production and more resistant plants.
Since crop plants are exposed to many different stress fac-
tors, it is relevant to investigate those factors as well as their
behavior and reactions. One of the most severe stress factors
are diseases, resulting in a high loss of cultivated plants. Our
main objective is the forecasting of the spread of disease
symptons on barley plants using a Cycle-Consistent Gener-
ative Adversarial Network. Our contributions are: (1) we
provide a daily forecast for one week to advance research
for better planning of plant protection measures, and (2) in
contrast to most approaches which use only RGB images,
we learn a model with hyperspectral images, providing an
information-rich result. In our experiments, we analyze
healthy barley leaves and leaves which were inoculated by
powdery mildew. Images of the leaves were acquired daily
with a hyperspectral microscope, from day 3 to day 14 af-
ter inoculation. We provide two methods for evaluating the
predicted time series with respect to the reference time series.

Index Terms— hyperspectral phenotyping, plant disease,
barley, generative adversarial networks, deep learning

1. INTRODUCTION

To reduce yield losses of crops caused by different diseases, a
regular monitoring and a timely reaction by the farmer is nec-
essary. Consequently, it is important for both scientists and
farmers to study traits of the crop and the reaction to different
stress factors. To this end, understanding the plant’s pheno-
type, i.e., the result of environmental influences such as abi-
otic and biotic stress factors occurring during plant’s develop-
ment and growth on its genome, is essential [1]. Hyperspec-
tral imaging (HSI) sensors are especially suitable for pheno-
typing and are therefore widely used for measuring spectral
information to characterize different plant traits [2, 3, 4, 5].
The interest in phenotyping increased also in the computer
vision and remote sensing community due to the need and
development of non-invasive sensor techniques to quantify
and measure plant traits. Besides classical machine learning

methods, recently also deep learning has been used for phe-
notyping [6, 7, 8, 9, 10].

Our contribution is the forecasting of the spread of dis-
ease symptoms on barley plants given an early stage of the
disease. We use a cycle-consistent generative adversarial net-
work (CycleGAN), a special type of a generative adversarial
network (GAN), to learn daily changes of the leaf and dis-
ease from hyperspectral images. Our experiments show that
the learned model is able to forecast a probable time-series of
images with an advancing disease spread.

2. DATA

In our experiments we use 16 leaves of barley (Hordeum vul-
gare). Seven days after sowing, leaves with a length of about
10 cm are cut off and transferred to culture mediums of phyto
agar. A fraction of the leaves is inoculated with fresh spores
of Blumeria graminis f.sp. hordei isolate K1 causing pow-
dery mildew. Images were acquired with an HSI microscope
achieving a spectral resolution of up to 2.3 nm in the range of
420 nm − 830 nm. For more information, we refer to Kuska
et al. [2].

The measurements of inoculated leaves were taken daily
from day 3 to day 14 after inoculation (dai), from which dai 4
to 11 are considered for our experiments. For healthy leaves,
dai 6 is missing in the provided data set. Due to movement
and deformation of the leaves between measurements, we do
not have pixel correspondences over time resulting in a non-
aligned, unpaired image data set.

3. THEORY

3.1. Generative Adversarial Network

A generative adversarial network (GAN) [11] consists of two
neural networks, namely the generator G and the discrimina-
tor D. For imaging tasks, it uses two image domains X and
Y , where X contains the training data x and Y contains noise
vectors y. Based on a noise vector drawn from the distri-
bution py(y), the generator creates realistic images pretend-
ing to come from the same distribution as the training data
pdata(x). Its goal is to fool the discriminator being no longer
able to distinguish between a training images x and generated



images expressed by log(1 − D(G(x))). The discriminator’s
task is to distinguish between real images from domainX and
generated images. The generator G has no access to training
data, but learns to generate realistic images through backprop-
agation. Consequently, the respective objective function is
given by the adversarial loss:

min
G

max
D

V(D,G) = Ex∼pdata(x) [log D (x)]

+ Ey∼py(y) [log (1− D (G (y)))] .
(1)

3.2. CycleGAN

To deal with unpaired data of two image domains X and Y
with both including real images, CycleGAN consists of two
generators G and F. Whereas the generator G maps images
of X to Y , the generator F creates images of Y based on im-
ages in X . Thus, F is the inverse mapping of G. As a conse-
quence of two generators, two independent discriminators are
required: DX distinguishes between real images x and gener-
ated images F(y), and DY differentiates between real images
y and generated images G(x). The adversarial loss LGAN is
defined separately for both generators similar to Eq. (1).

We follow the procedure of [12] and introduce two cy-
cle consistency losses to stabilize the training. A cycle con-
sistency loss ensures a small difference between an image in
domain X and the generated image in domain Y transferred
back to domain X , and vice versa. The complete cycle con-
sistency loss results in:

Lcyc(G,F) = Ex∼pdata(x) [‖F(G(x))− x‖1]
+ Ey∼pdata(y) [‖G(F(y))− y‖1] .

(2)

Consequently, the definition of the full objective function is:

L(G,F,DX ,DY) =LGAN(G,DY ,X ,Y)
+LGAN(F,DX ,X ,Y) + λLcyc(G,F),

(3)

where λ describes the relative importance of Eq. (2). Finally,
Eq. (3) is minimized for both generators and maximized for
both discriminators alternatively.

4. EXPERIMENTAL SETUP

4.1. Data Preprocessing

For pre-processing, we follow the procedure of Kuska et
al. [2]. We removed noisy bands at the beginning and the end
of the spectral range resulting in 420 bands between 450 nm
and 780 nm. For our experiments, we considered 50 equally
sampled wavelengths. For training and testing, we extracted
image patches of the size 100 × 100 pixels. We collected
3500 image patches with healthy leaves and 1750 image
patches showing inoculated leaves. For data augmentation,
we mirrored all patches and get a final training data set of
7000 patches. For evaluating our forecasting approach, we

aligned the images over time using a feature based method,
and selected 180 patches with successful alignment, con-
taining both healthy and inoculated leaves. The input to our
approach consists of patches of dai 4 only. Please note that
this procedure needs human interaction and is therefore only
used for evaluation purposes. We extended the data by the
information of the dai by appending each image patch with
a matrix in the 3rd dimension containing the value of the
dai. This is done for both training and testing data. Domain
X includes patches from dai 4 to 10, domain Y consists of
patches from dai 5 to 11.

4.2. Training and Testing the Network

We use an implementation1 based on the work of Zhu et al.
[12]. In order to be able to use hyperspectral images, we have
adapted the given implementation accordingly. We use the
forward generator G which has learned the daily change of
the data. First, we feed an input test image of dai 4 to the
learned model and generate an image of dai 5. To generate an
image of dai 6 based on the test image, we use the generated
image of dai 5 as input to the learned model. This step is
repeated until dai 11. After each forecasting step, we correct
incorrect estimated dai information in the last band to the true
dai information which we assume to be known. Though, this
step can be replaced by an automatic procedure which is able
to quantify the strength of the disease.

4.3. Evaluation

Since the trained generative model is not limited to gener-
ate only one possible forecast, standard evaluation methods
with a pixel-wise comparison are not applicable. Therefore,
we apply the following two evaluation criteria: First, in the
visual evaluation for inoculated images we use RGB visual-
ization and compare the spread of the disease to those of the
reference images including appearance of the disease spots
like shape, color, and intensity. Moreover, we analyze the
leaf itself. Second, we investigate the temporal progression
of hyperspectral spectra for diseased pixels, where we man-
ually selected three pixels in each image. We apply a 5 × 5
window around the chosen pixels in which we compute the
average spectrum. Moreover, we averaged all spectra in one
image.

5. RESULTS

Fig. 1 shows two representative examples of the future pre-
diction for test images with inoculated leaves, where row 1
and 2 shows the first example, and row 3 and 4 shows the
second example. The respective upper row shows the future
prediction based on the input of dai 4. The results show a
daily spread of the disease in the generated time series. The

1Available at https://github.com/leehomyc/cyclegan-1
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Fig. 1: RGB visualization of two representative examples of the future prediction of hyperspectral input images of dai 4
(example 1: top two rows, example 2: bottom two rows). Row 1 and 3 show the future prediction generated by the learned
model and row 2 and 4 show the corresponding reference.

disease appearance shows a similar behavior in comparison
to the reference. For the first example, we observe a slight
decrease of the disease from dai 10 to dai 11, which usually
happens between dai 9 and 10 for older disease spots. The
second example shows similar results as the first one. How-
ever, in contrast to the first one, we cannot detect a decrease
within the last two days. For both predicted time series, the
leaf around the disease spots gets brighter over time. This
finding coincides with the reference time series. We observe
an underestimation of the spread in all test examples. A pos-
sible explanation is the neglecting of newly emerged disease
hot spots in the reference after dai 4, what may not have been
learned by the model. Another possibility is the insufficient
amount of training data, which may have led to a non repre-
sentative model.

The temporal progression of the reflectance spectrum for
the first presented time series is given in Fig. 2. We expect a
daily increase in the reflectance in the visible part of the spec-
trum as a result of the disease, since white powdery mildew
leads to a high reflectance within the first few days cover-
ing the healthy leaf and to the withdrawing of nutrients from
the leaf towards the end causing in a breakdown of pigments.
This process can be seen in the left figure representing the
reflectance spectra of the reference time series. The figure
shows a daily increase of the reflectance values in the visible
part of the spectrum, which is most visible between dai 5 and
6, 6 and 7, and 9 and 10. Also the near infrared (NIR) spec-
trum changes over time, however, it is not consistent through

all evaluated test samples. In most cases, the reflectances of
the NIR also increase, but in some cases the NIR decrease
over time, or increase and decrease alternatively. The latter
case is given in the illustrated time series. However, this be-
havior is not unusual for plants [2].

The figure on the right shows the progression of the pre-
dicted time series depicting also a typical behavior. The
higher increase of the visible part of the spectrum within dai
5 and 6, 7 and 8, and 8 and 9 indicates a higher spread of
the disease within these days. This finding coincides with
the illustrated time series. Furthermore, we recognize the
spectral decrease within the last two days that is consistent
with the visual observations. Yet, the reflectance spectrum
gets rougher every day, especially in the NIR spectrum. We
suspect that noise in the input image is intensified by the
prediction.

6. CONCLUSION

We proposed an approach to forecast the spread of powdery
mildew on barley leaves using hyperspectral images. To this
end, we applied cycle-consistent adversarial networks. Our
experiments show that the model is able to learn the spread of
the disease, which is shown both visually and in the respective
reflectance spectra. Moreover, our model achieves suitable
results for a prediction over seven days.
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Fig. 2: Temporal progression of the intensity spectrum of selected pixels for the reference time series of row 2 in Fig. 1 (left)
and for the generated time series of row 1 (right).
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