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Abstract—Predicting plant development is an important task
in precision farming and an essential metric for decision-making
by researchers and farmers. In this work, we propose a novel
generative modeling technique for plant growth prediction based
on conditional generative adversarial networks. We formulate
plant growth as an image-to-image translation task and predict
the appearance of a plant growth stage as a function of its
previous stage. We take into account that plant growth is
inherently multi-modal, depending on numerous and highly
variable environmental factors, and thus a single input belongs
to a distribution of potential outputs. We encode the ambiguity
in an interpretable and low-dimensional latent vector space
representing the various factors of variation that are influencing
plant growth. We use a novel encoder-based data fusion technique
and combine information contained in remote sensing imagery
of different cropping systems with data containing the factors of
variation to adequately model plant growth. This offers several
advantages over existing methods: (1) we show that we can
model a distribution of potential appearances and simultaneously
outperform existing methods in providing more realistic predic-
tions, (2) the complexity of plant growth is more adequately
captured, as various factors influencing plant growth can be
included, (3) predictions are controllable by being conditioned by
an interpretable latent vector representing the factors of variation
along with an input image of a previous growth stage.

I. INTRODUCTION

Plant growth is multimodal by nature, depending on diverse
environmental factors such as climate conditions, nutrient
supply, or pest pressure [1], [2]. Therefore, adequately model-
ing of plant growth as a function of diverse environmental
conditions is important for decision-making in agriculture
and allows to adapt to changing or fluctuating environmental
conditions, pest and weed control, fertilization, or harvest time
prediction. Classical models often describe plant development
as a function of environmental factors such as light and
temperature by using differential equations [3]. Due to the
limited accuracy of these approaches, the literature recently
relied more on the use of neural networks (NN). Approaches
like the one presented in [4] model plant growth by predicting
an image of what a plant will look like in the future condi-
tioned on an image of its previous growing stage. In contrast
to classical growth prediction models, generated images of
future plant growth offer several advantages. They illustrate
the complete above-ground coverage, and various parameters
can be derived by statistical or machine learning (ML)-based
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Fig. 1. Temporal plant growth prediction using close-range remote sensing
imagery. An encoder-based data fusion of the image domain Y and the domain
of factors of variation (FOV) ϵ is used to span a disentangled latent space
Z, E(Y , ϵ) → z. Note, that Z follows the distribution of the FOV. Along
with a sample of the respective latent space, Z and an input image X , a
generator produces a deterministic plant growth predictions, G(X ,z) → Y .
By controlled sampling from Z , one input image is mapped to a distribution
of possible outputs (each described by certain FOV).

methods such as semantic segmentation [5], [6]. Nevertheless,
generating images of plant growth remains a challenge as
available methods are deterministic and thus can only produce
a single prediction without providing any variability in the gen-
erative process [4], [7], [8]. Since plants perform differently
under varying environmental and management conditions [1],
[2], their growth should be better described by a distribution
of potential appearances. These conditions that influence the
process of plant growth are termed as factors of variation
(FOV). In contrast, available methods that model a distribution
of outputs are stochastic, interfering with a controlled and
deterministic output generation [9].

In this paper, we overcome existing limitations and intro-
duce a framework called contGAN for controlled diverse
output generation based on conditional generative adversarial
networks (cGANs). We formulate plant growth as an image-
to-image translation task between two image domains, where
each of them represents a different temporal growth stage. In
particular, we present the following contributions:

• We explicitly consider the multimodal nature of plant
growth by incorporating multiple conditions and provide
a bijective mapping between high-dimensional inputs and



high-dimensional outputs. This includes an input image
and a low-dimensional latent vector representing the FOV.
At inference time, one input image is mapped to a
distribution of possible outputs, where each output is
determined by a unique set of FOV.

• We present an encoder-based data fusion technique to
model a distribution of latent vectors by combining
information contained in images with information about
FOVs.

• We demonstrate that the low-dimensional latent space
is disentangled, resulting in an improved model per-
formance while achieving a more refined control. In
addition, we demonstrate higher interpretability and ex-
plainability of a prediction due to the multimodal input
data. This is in line with the increasing demand for
explainable machine learning to assure the value of a
prediction [10].

The capability of our method is demonstrated using a com-
bination of remote sensing imagery and FOVs for different
cropping systems.

II. RELATED WORK

Conditional generative modeling: Machine learning-based
generative modeling is a common approach for synthetic im-
age generation. The GAN framework [11] achieved impressive
results in image generation and was extended in various ways.
A conditional setting for cross-domain mapping between two
image domains was proposed by [7] and extended to high-
resolution image generation [12]. However, most methods are
deterministic and lack diversity as they can only map to a
single target, known as one-to-one mapping [4]. In addition to
modeling plant growth, many generative modeling problems
are ambiguous. A single input may correspond to a distribution
of possible outputs while demanding a deterministic and not
a stochastic output generation. Mapping between multimodal
inputs and an output distribution is challenging and was
addressed by [9]. The multimodality is distilled in a low-
dimensional latent vector of noise that is internalized during
training and that can be randomly sampled during test time.
In contrast to this, an unsupervised multimodal framework
for image-to-image translation was proposed by [13]. Here,
the underlying idea is to decompose the internal latent rep-
resentation into a domain-invariant content code and a style
code. The content code can be recombined with randomly
sampled style codes to generate diverse outputs. However,
instead of modeling a distribution, the output is restricted to
the set of combination between content code and style code.
The available methods that provide diverse outputs have two
main limitations. They are either stochastic, resulting in an
uncontrolled output generation, or do not model a probability
distribution, interfering with spatial interpolation. We are not
aware of a method for a deterministic mapping between high-
dimensional inputs and high-dimensional outputs by consider-
ing diverse conditions.

Plant growth modeling: There has been substantial interest
on plant growth modeling in the last decades and many

methods have been derived since then including linear- and
polynomial regression models [14]–[17]. Recently, the liter-
ature addressed plant growth by using NN as they capture
patterns and correlations even in noisy and high-dimensional
data and represent good approximators for any complex and
non-linear function [18].

With the rise of remote sensing technology, images are
now available at low-cost and large scale and can be further
used for plant growth modeling, and yield prediction [19].
While, as a consequence, many approaches have emerged that
have derived specific plant-related parameters from images,
there is only little research on predicting images for plant
growth modeling. Nonetheless, it has been recently shown,
that GANs are an appropriate method to model growth or
semantic segmentations of plants [4], [20], [21]. However,
most existing methods are restricted by predicting a single or
a limited diverse output instead of a probability distribution. A
methodology for plant growth prediction by using conditional
generative adversarial networks (cGANs) on both field and
laboratory image data was proposed by [4]. Here, future
growth stages are conditioned on earlier ones. However, the
presented framework is realized as a one-to-one mapping
ignoring the multimodality underlying plant development. To
our knowledge, there are no approaches using cGANs for con-
trollable and multimodal plant image generation with multiple
data sources, neither for plant growth prediction - especially
in complex cropping systems - nor for general purposes.

III. IMAGE-TO-IMAGE TRANSLATION

A. Conditional GAN

Conditional generative adversarial networks (cGANs) [11]
are an established method for image-to-image translation.
GANs simultaneously train two neural networks: a genera-
tive and a discriminative model. While the generative model
G tries to generate data indistinguishable from reality, the
discriminative model D tries to distinguish between real and
generated data. Contrary to GANs that learn a mapping from a
random noise vector to an output image, cGANs instead learn
a mapping from an input image of domain X and random
noise z to an output image of domain Y , G : {X , z} → Y .
An outstanding approach was proposed by the Pix2Pix archi-
tecture [7] with the formalism

LcGAN(G,D) = EX ,Y [logD(X ,Y )]

+ EX ,Z [log(1−D(X , G(X , z)))],
(1)

which G tries to minimize, while D tries to maximize. Further,
an L1 loss is included to force the generator not only to fool
the discriminator but also to produce samples which are pixel-
wise close to the target image.

LL1(G) = EX ,Y,Z [||Y −G(X , z)||1]. (2)

This leads to the final objective described by:

G∗, D∗ = argmin
G

max
D

LcGAN(G,D) + λILL1(G) (3)

where λI is a hyperparameter used to control the weighting
of the L1 loss. As a drawback, introducing stochasticity by



random noise was found to be ignored by the generator [7],
[9], limiting the approach to a one-to-one mapping.

B. Multi-Conditional GANs

We define the objective as learning the information con-
tained in both image domains as well as additional FOV.
Precisely, we learn a multimodal mapping function between
two image domains X and Y , given paired training data
{(X ∈ X , z ∈ Z),Y ∈ Y } with z following a joint
probability distribution p(z|Y , ϵ). Here, z is not just random
noise, but a low-dimensional description of the reference
image and thus a second condition along with the input image.
In addition, ϵ are the additional FOV. Similarly, p(ϵ) refers to
the distribution of the additional FOV. If not specified, the term
test time distribution refers to a sample from the space of FOV.
The multimodal mapping, therefore, become deterministic by
G(X , z) → Y , resulting in ambiguous outputs when sampling
from Z during test time. Our framework is built on the
BicycleGAN model proposed by [9].

We encode useful information into a low-dimensional la-
tent space Z by using a multi-layer autoencoder network
(AE) [22] formulated in a probabilistic fashion. This has
been proposed by the variational autoencoder framework [23].
In a conditional setting, the distribution Q(z|Y , ϵ) of the
latent vector z is given by using an encoder network E,
Q(z|Y , ϵ) := E(Y , ϵ). Sampling from Z is enabled by a
reparametrization trick, allowing direct back-propagation [23]:

z ∼ E(Y , ϵ) = µ+ σϵ, (4)

with ϵ ∼ p(ϵ) given as the FOV uniquely describing Y .
We explicitly aim to reproduce the distribution of the FOV,
using a Kullback-Leibler-divergence (KL) loss. This allows
an explainable and interpretable sampling during test time:

LKL(E) = EY [DKL(E(Y , ϵ) ∥ p(ϵ))] (5)

Along with this low-dimensional latent representation of the
reference image and the input image, a cGAN should learn
to reconstruct the reference image. The formalism of the
conditional variational autoencoder GAN (VAE-GAN) is given
by:

G∗, D∗, E∗ = argmin
G,E

max
D

LVAE
cGAN

+ λILVAE
L1 (G) + λKLLKL(E).

(6)

Although the encoder-based data fusion is a way to make
the latent space influential, it may not be considerably close to
the test time distribution because the KL-loss may be poorly
optimized. As a solution, a conditional Latent Regressor GAN
(cLR-GAN) was proposed by [9]. The cLR-GAN forces the
latent distribution to follow the test time distribution, which
can be randomly sampled. This is realized by using an L1 loss
in the latent space:

Llatent
L1 (G) = EX ,Z [||z − E(G(X , z))||1] (7)

Together with a randomly sampled latent vector, a generator
produces a prediction Ŷ which should be realistically close to

the target domain. The predicted image is then encoded back
into a low-dimensional representation. We extend the cLR-
GAN by additionally adding an L1 loss term between the
prediction Ŷ and the ground truth, resulting in more realistic
results. The full loss term is given by:

G∗, D∗ = argmin
G,E

max
D

LcLR
GAN(G,D)

+ λlatentLlatent
1 (G,E) + λILcLR

L1 (G)
(8)

Then the final objective of the proposed contGAN is given
by:

G∗, E∗, D∗ = argmin
G,E

max
D

LVAE
GAN(G,D,E) + λILVAE

1 (G,E)

+ LcLR
GAN(G,D) + λILcLR

1 (G,E)

+ λlatent Llatent
1 (G,E) + λKL,LKL(E)

(9)
where the parameters λ are used to control the weighting of
all terms.

A U-Net architecture with skip connections is used as
the generator network [24]. Two discriminators are used for
each cLR-GAN and VAE-GAN, defined as a PatchGAN [25]
implementation with an overlapping patch size of [70 × 70].
For the encoder network, we use a ResNet architecture with
several residual blocks [26]. We use a Least Squares GAN
(LSGAN) [27] that uses the least squares loss function for the
discriminator instead of a binary cross-entropy [28].

C. Model Evaluation

Images are qualitatively evaluated using human perception
by a three-point guideline:

• Realistic appearance: Generated images should look
sharp, artifact-free, and have visible morphological de-
tails.

• Consistency of conditions: The images should be consis-
tent with both input conditions, the image and the chosen
factor of variation.

• Generalization: The model should generalize on unseen
data and produce diverse but realistic results without
mode collapse.

For quantitative evaluation an unbiased estimator of the
Fréchet Inception Distance (FID∞) is used, termed FID in-
finity score [29]. While the classic FID [30] is a robust and
efficient score that is considered to correlate with human
judgment of image diversity, and quality [31], it also has some
disadvantages. For a finite set of samples, FID deviates from
the true score, is characterized by a high bias [32], and depends
on the model being evaluated [29]. Therefore, a comparison
between different models is unreliable. The FID∞, is a bias-
free estimation of the FID score computed with an infinite
number of samples.

We use the Ground Cover Fraction (GCF) to estimate the
fractional green canopy between predictions and references.
The GCF is a good estimator of canopy development and cor-
relates with the above ground biomass [33]. Moreover, with the
GCF, image semantics are evaluated and accessed to determine
whether generated images are suitable for inferring phenotypic



TABLE I
FACTORS OF VARIATION (FOV) BELONGING TO AN IMAGE FROM EACH OF

THE THREE CLASSES MIXTURE (MX), SPRING WHEAT (SW), AND FABA
BEAN (FB).

class
Total
Yield

(g)

Harv.
Weight

(g)

Seed
Numbers

Dried
Biomass (g)

Mean
Height (cm)

SW FB SW FB SW FB
SW 0.61 0.29 1.14 0.12 0.20 -1.07 -1.46 -1.40
MX -0.13 1.03 -0.06 -0.07 0.09 0.56 -0.13 0.91
FB -5.02 -0.23 -1.91 -2.66 -2.83 2.28 0.81 1.17

Spring Wheat (SW) Mixture (MX) Faba Bean (FB)

Fig. 2. FOV of all images embedded in a two-dimensional feature space
using Multidimensional Scaling (MDS). Three clusters arises according to
the underlying classes of MX, SW, and FB.

traits from predictions. We use an automatic color threshold
classification (ACT) method based on [33] to estimate the GCF
by color ratios in RGB space. For fairness, we compare the
proposed model against a classic cGAN (Pix2Pix: [7]) that has
been proven to be a good estimator of plant growth [4], and
with a multimodal cGAN (BicycleGAN: [9]).

IV. DATA

We use multimodal data acquired by a mixed-cropping
experiment at the site Campus Klein-Altendorf in 2020, Ger-
many. Here, mixtures of varieties spring wheat (Triticum aes-
tivum) and faba bean (Vicia faba L.), as well as monoculture
reference plots, were planted with different FOV on 320 plots,
each with a size of 10m × 1.5m.

RGB images: On a weekly basis during the growing
season, RGB images were taken, which are processed into
georeferenced orthophotos with a ground resolution of 3mm.
This allows the extraction of spatially aligned image pairs from
an early (4 weeks after plant emergence, domain X) and a
mid-growth stage (8 weeks, domain Y) that serve as input for
our model. We select a balanced data set equally containing
images of all three classes, namely mixture MX, spring wheat
SW and faba bean FB monoculture. In total, a training set of
750 images and a spatially separated test set of 307 images
were selected.

Factors of variation (FOV): Each image is associated with
a feature vector ϵ, containing FOV. Those describe dozens of
environmental and management conditions as well as plant
characteristics. A subset is shown in Tab. I. Fig. 2 visualizes
a low-dimensional embedding of this feature space by using
a Multidimensional Scaling (MDS) method for dimensionality
reduction [34]. The figure illustrates three distinct clusters that
are in concordance with the crop varieties.

V. EXPERIMENTS

We use remote sensing imagery, and additional FOV to
explicitly analyze the ability to (1) generate sharp and realistic
temporal predictions, (2) investigate if we can model the
spatial distribution of potential outputs, and (3) analyze if
predictions are controllable and explainable.

A. Experimental setup

For efficient processing, all images are patched to a size of
[256 × 256]. A set of FOV is selected by using a random-forest
feature importance estimation [35], which helps to filter highly
correlated factors and thus to create a class-separated but dense
feature space. The selected FOV are associated with yield, one
of the most essential traits while being easy to evaluate.

1) Latent code injection: We test different ways of injecting
the latent code into the generator. Injecting the latent code
into all layers by spatial replication and concatenation was
found to produce the most realistic results. Moreover, we
analyze varying shapes and their influence on the predictions.
A high-dimensional latent code may encode more information
resulting in more diverse results but at the cost of realism.
In contrast, a low-dimensional latent vector may result in less
diverse outputs [9]. We find that the optimal shape of the latent
code is z = 8 as it yields diverse but still realistic results.

2) Hyperparameter: The hyperparameters λ are set to λI =
0.5, λlatent = 10, λKL = 0.01. We train on 400 epochs with a
learning rate of 2e−4.

B. Latent Space Dissection

This section demonstrates the effectiveness of including ad-
ditional FOV for a latent space disentanglement. We show the
latent space of the encoder-based data fusion in Fig. 3. Here,
we use a t-Distributed Stochastic Neighbor Embedding (t-
SNE) [36] with a perplexity of 50 for dimensionality reduction,
as we want to preserve local structures to better analyze the
latent space distribution. The right image displays how the
latent code is disentangled in an interpretable and explainable
way, forming three distinct classes in concordance to the used
crop varieties. In contrast, when only adding random Gaussian
noise, the latent space is randomly distributed. This is shown
in the left image. It cannot be interpreted in such a way that
it can be used for a controlled output generation and neither
for comprehensive plant growth prediction.

C. Temporal plant growth prediction

In Fig. 4 we compare the performance of our proposed
framework contGAN achieving controlled mapping with a



Spring Wheat (SW) Mixture (MX) Faba Bean (FB)

Fig. 3. t-Distributed Stochastic Neighborhood (t-SNE) embedding of the latent
vectors z = E(Y , ϵ) sampled during training. On the left: ϵ is a random
sample from a Gaussian normal distribution ϵ ∼ N (0, 1). On the right: in
contrast, ϵ is the vector of FOVs uniquely describing Y .

Input Reference Pix2Pix BicycleGAN contGAN

FB

MX

SW

Fig. 4. Example results for 1) Pix2Pix, 2) BicycleGAN, and 3) the proposed
contGAN. The most left column shows the generator input and the reference
image being next to it. Example results are given for all three classes namely
1) MX, 2) SW, and 3) FB.

classic cGAN (Pix2Pix: [7]) and with a multimodal cGAN
(BicycleGAN: [9]). We decide for this comparison to evaluate
if the proposed framework can combine the advantages of both
models.

While in Pix2Pix there is no additional input z to the image,
and in the BicycleGAN z is sampled as a random realization
of a Gaussian normal distribution, in our controlled method,
z represents the FOV describing the displayed reference
image Y . Pix2Pix achieves impressive results for plant growth
prediction in complex cropping systems. Structures are well
preserved and consistent with the input image. However, the
prediction for the FB (last row) seems slightly too dense
compared to the reference images. In contrast, the uncontrolled
mapping with BicycleGAN yields more diverse results. We
note that predictions deviate from the reference image but are
still realistic. However, the prediction for FB is not faithful to
the input as we observe inter-class transformations from FB to
SW without explicitly aiming for this. The last column displays
the performance of our controlled framework. The displayed
results are realistic and faithful to the input image. Structures
are well preserved, plant-related details like single leaves are

TABLE III
OVERVIEW ABOUT CALCULATED FID INFINITY SCORES (Nr ,Ng ) FOR

DIFFERENT EXPERIMENTS.

FIDPix2Pix FIDBcyGAN
FIDcontGAN

FIDspec FIDclass FIDrand
17.9473 25.80 16.32 19.38 21.02

TABLE IV
L1 LOSS FOR GFC GENERATED IMAGES.

L1 Loss Pix2Pix BicyleGAN contGAN
SW 0.27 0.42 0.18
MX 0.25 0.40 0.23
FB 0.27 0.39 0.21

visible, and soil holes in the canopy are close to the target
image. In contrast to both other methods, the prediction for
the class FB looks more realistic and closer to the reference.

D. Influence of FOV on a prediction

In Fig. 5, controllable and interpretable output generation is
demonstrated, conditioned on both an input image (left) and a
learned latent vector that is pointedly sampled from arbitrary
FOV. The chosen FOV are illustrated as a bar plot above
each image, and respective features are colored according to
each class and according to the features associated with the
expression of the biomass and yield. We demonstrate that we
can control the expression of classes as well as the expression
of biomass, yield, and height by simply changing the FOV
accordingly. We show that the predictions are faithful to both
the input image as well as the FOV. The predictions are
impressively realistic as we see morphological details such
as leaves. Moreover, we notice that the results are explainable
and interpretable according to the given FOVs.

E. Quantitative Evaluation

Besides the qualitative evaluation, we calculate the FID in-
finity score FID∞(Nr,Ng) between real and generated images.
In our approach, we distinguish between three different types
of generated images, generated from always the same input
images, but combined with - at test time - different FOV.

• FIDspec (Nr,Ng): FOV which belong to the specific
reference image.

• FIDclass (Nr,Ng): FOV which belong to the same class.
• FIDrand (Nr,Ng): FOV are randomly sampled.

We moreover compare the results against the Pix2Pix model
(FIDPix2Pix) and the BicycleGAN (FIDBcyGAN). In Tab. III,
the calculated FID infinity scores are illustrated. We see that
the FIDPix2Pix and the FIDspec achieve comparably low FID
scores underlining the high quality of the generated predic-
tions. Whereas, the FIDBcyGAN and the remaining FIDclass
and FIDrand achieve higher FID scores. We conclude that a
higher FID scores reflects a higher divergence to the refer-
ence image and thus a higher diversity in the predictions.
We demonstrate that the contGAN outperforms the Pix2Pix



Total Yield [g]
Harvested Weight [g]

SW: Seed Numbers FB: Seed Numbers
FB: Mean Height [cm]
FB: Dried Biomass [g]SW: Dried Biomass [g]

SW: Mean Height [cm]

Input Reference Generated Samples

FB

MX

SW

Fig. 5. Example results of a controlled multimodal mapping. The influence of deviating FOV on the prediction is shown. The first column, demonstrated as
a red box, shows the input image and the reference images for 1) SW, 2) MX, and 3) FB. On top the reference image we show in a bar chart the normalized
FOV that belong exactly to the reference image. Next, we display generated samples using the proposed framework. On top each image the normalized feature
vectors of FOV is displayed that was given during test time. Note, that the given feature vectors are interpretable and explainable. We see that the generated
samples are effectively controlled by the chosen FOVs.

model, while achieving high diversity depending on the given
FOV. We calculate the GCF for both, the reference and the
generated images, and compare our proposed framework with
the Pix2Pix implementation and a BicycleGAN. In addition
to the input image, we give the FOV describing the reference
image as input in the case of our model. In Tab. IV, L1 losses
between GFC converted reference images, and GFC converted
predicted images are shown. The table highlights that both the
cGAN and our framework better estimate the fractional green
canopy compared to the BicycleGAN implementation. We
show that our proposed framework outperforms both models
in estimating the green canopy development for all varieties.

VI. CONCLUSION

Plant growth modeling remains a challenge, especially
in complex cropping systems. Nonetheless, the proposed
framework for an integrative multi-conditional GAN appears
promising. We show that we can outperform existing growth
prediction models based on image generation while being able
to model a complete distribution of appearances. With the vast
amount of available data and image processing tools for mon-
itoring plant ecosystems, the generation of synthetic images
appears reasonable for capturing the non-linear nature of plant
growth. In addition, it seems necessary that models be more
explainable, supporting their acceptance among researchers
and farmers.



ACKNOWLEDGMENT

This work was funded by the Deutsche Forschungsgemein-
schaft (DFG, German Research Foundation) under Germany’s
Excellence Strategy – EXC 2070 – 390732324 and partly
funded by the German Federal Ministry of Education and
Research (BMBF) in the framework of the international future
AI lab “AI4EO – Artificial Intelligence for Earth Observation:
Reasoning, Uncertainties, Ethics and Beyond” (Grant number:
01DD20001).

REFERENCES

[1] J. S. Boyer, “Plant productivity and environment,” Science, vol. 218, no.
4571, pp. 443–448, 1982.

[2] W. Gang, W. Zhen-Kuan, W. Yong-Xiang, C. Li-Ye, and S. Hong-Bo,
“The mutual responses of higher plants to environment: physiological
and microbiological aspects,” Colloids and Surfaces B: Biointerfaces,
vol. 59, no. 2, pp. 113–119, 2007.

[3] R. U. Larsen, “Plant growth modelling by light and temperature,” in
Symposium on Bedding and Pot Plant Culture 272, 1989, pp. 235–242.

[4] L. Drees, L. V. Junker-Frohn, J. Kierdorf, and R. Roscher, “Temporal
prediction and evaluation of brassica growth in the field using condi-
tional generative adversarial networks,” Computers and Electronics in
Agriculture, vol. 190, 2021.

[5] L. Zabawa, A. Kicherer, L. Klingbeil, R. Töpfer, H. Kuhlmann, and
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