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Vine Leaf
Disease and Al

Detection of grapevine leaf diseases based on
RGB-images, deep learning and its integration

in @ mobile application

1. Introduction

1.1 Primary Diseases
on Grapevine Leaves

Grapevine cultivation has a very long
tradition in Germany, wine production
may date back as far as the celts [2].
The quality and annual yield of grapes
directly reflect the “vitality” of the
grapevines. Grapevines are vulnerable
diseases caused by
bacteria, fungi or viruses [3]. The rapid
spread of these diseases can reduce
the photosynthetic active area in large
cultivation areas and by this quality and
yield are significantly reduced. In some
cases, a loss of productivity by death
of entire plants is observed. Therefore,
early detection of disease infestation is
essential to take appropriate actions for
plant protection.

©

to numerous

In Germany, following the traditional
grapevine agriculture,
specific recommendations for the use of
pesticides [4]. Currently more than 3,000
tons of chemical agents of all kinds are
applied in the German grape vineyards
annually for wine production. These
pesticides and their residues pollute our
environment and are also detectable in
the wines [1].

there are

1.2 Characteristics, Course
of Infestation and
Transmission Mode

Depending on environmental
conditions, susceptibility of the host
plant, and virulence of the pathogen,
diseases differ in time and frequency
of occurrence. Further, they have
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specific appearances and spreading
characteristics depending on the type
of pathogen [5]. The project was focused
on the
infestations in spring and summer:
powdery mildew, downy mildew, black
wood disease and esca disease. In
Table 1 the essential criteria of these
most frequent analysed grapevine leaf
diseases are presented.

four most relevant disease

1.3 Relevance of the Project

Wine production has had a significant
economic relevance in Germany for
many years. The average
consumption per capita and year
is about 28 litres [16]. In 2018, 10.3
million hectolitres of wine were
produced in Germany [17]. Even
though most of the wine produced
is consumed domestically,
1 million hectolitres of German wine
are annually exported in over
100 countries worldwide [18]. The
export value of German wine was
approximately 305 million euros in
2019 [19]. After France, Spain, and
Italy, Germany is the fourth-largest
wine exporter in Europe and the eight-
largest wine exporter worldwide [20].
These facts illustrate the economic
factor “wine” in Germany, with wine
consumption increasing worldwide.

wine

around

A mix of up to ten different pesticides
can be detected in German quality
wines [15]. This quite shocking fact
was already published in the German
press in 2010. In 2015, the department
of Viticulture in Siebeldingen, part of
the federal Julius Kuehn-Institute for
Agricultural Research, describes the
European use of chemical substances
in viticulture as “a very large quantity”;
across Europe around 60 percent of
the fungicides used in agriculture
are spread in the grape vineyards -
with a long-term average of about
90,000 tonnes per year [1]. Especially for
fungal-like pathogens and diseases such
as mildew the application of pesticides
is very high.
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Table 1: Powdery mildew, downy mildew, black wood disease, and esca disease under the

following aspects: genus, features, course of infestation and transmission mode

Disease

Powdery mildew

Scientific name

Erysiphaceae,
Erysiphe necator
[6] Oidium[7]

Features

White-grey spots
consisting of myceli
and conidiosphores
develop on both sides
of the leaf. The layer
that forms on the

leaf appears slightly
moldy and mealy [7].

Course of

infestation

Transmission
mode

As a result of the
infestation, the
leaves often curl
up, the flowers can
no longer open,
the fruits become
hard, turn grey to
black. Finally, the
seeds may break,
and the grapes are
no longer suitable
for harvest and
consumption [7].

The wind carries
the conidia and
spreads of the
disease for several
kilometres [6].

characteristic sign
of Esca disease on
grapevines are the
“tiger stripes” on
the leaves. The leaf
veins are usually
surrounded by
either a yellow or a
red fringe. Another
symptom can be
the early yellow leaf
colouring, which
prematurely occurs
in summer due to the

infestation [9][10][11].

out and fall off

as result of the
infestation. The
grapes also shrivel
up and turn brown,
comparable to
leather berries,
and burst. The
whole grapevine
will dry out and die

subsequently [12]
[13].

Downy mildew Plasmopara Slightly purple or The consequence The wind carries
/ 14 viticola[7], white-grey mealy of the infestation is the zoospores and
Peronospora coatings form on the a wilting and dying spreads of the
lower side of the leaf. of the leaves and in disease [7]
On the upper side some cases even
of the leaf, either oil the whole young
spots or red-coloured plant dies. The
areas (see picture) are grapes become
visible [7]. no longer suitable
for harvest and
consumption [7].
Black wood Bois noir, While a reddish to The curling of The disease
disease Candidatus purple colouring the leaves is a infiltrates the
Phytoplasma of the leaves is consequence of sap ducts. The
solani [8] characteristic for the infestation. The transmission
black wood disease in berries have an occurs through
red-leaved varieties, unripe and bitter a vector (carrier),
the leaves of white taste, which makes e.g. cicadas or by
grape varieties turn them ,useless” for grafting [8] [9].
light green to yellow consumption [8].
81.
Esca The most obvious The leaves dry The disease is

located in the
grapevine's sap
ducts and occurs
via a vector
(carrier), e.g., by
cicadas and by
grafting [14].
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In an effort to achieve sustainable plant
protection of grapevines by a reduction
of used pesticides, precise knowledge on
the occurrence of the disease infestation
is important. This project therefore aims
to enable an easier and earlier detection
of infected grapevines, which can
reduce the use of pesticides and increase
the quality and quantity of grape
harvest and the wine production. This
would further lead to the environment
and nature being less polluted with
harmful chemical substances and
agriculture becoming more sustainable
with benefits for humans, animals and
plants living on our planet.

1.4 Al Classification of Diseases
Based on Smartphone-Qua-
lity Photos

Artificial Intelligence (AI) has achieved
great results in image classification
[21] with smartphone-quality photos
[22]. Given the wide availability, using
smartphone pictures coupled with Al to
detect diseases early could help reduce
the amount of pesticides to be used [23].
Therefore, we developed a smartphone
app based onanartificial neural network
to detect and differentiate grapevine leaf
infestations. The immediate feedback
of the AI based on the input image
data enables the winegrowers to apply
appropriate measures at early stages of
infestation. This would prevent a large-
scale spread of grapevine leaf diseases
and subsequently reduces the large-
scale need of pesticides.

The “Vine Leaf Disease and AI”
app can easily be installed free of
charge on an Android or iOS mobile

phone. The users, mostly commercial
winemakers or (seasonal) workers but
also hobby winemakers, take a picture
of a potential infected grapevine leaf.
The app immediately gives feedback
to the wuser, which grapevine leaf
disease is the underlying cause of the
infestation and in percentage how
accurate the classification of the AI
is. Additionally, the user receives an
actual cartographical map showing the
extent and type of regional and national
grapevine leaf diseases spreads, a kind of
“alarm system”. The data will be stored
on a server, so annually, monthly, or
even weekly and daily data is constantly
available for the user, for example
to compare the regional amount of
grapevine leaf disease infection with
other years or seasons. To ensure data
protection, all data is transmitted and
stored pseudonymised in a database.
By accepting the data protection
agreement after the installation, the
user acknowledges that the app requests
the phone’s location. Not only the
installation of the app but also its use
is very simple and intuitive. A frequent
use of the app by many winegrowers
will continuously train the underlying
AT and make it even more precise in
the future. Currently, about 300 users
employ the application already.

2. Methodology
2.1 The Dataset

A web search of publicly available,
suitable images of grapevine leaves was
carried out and yielded no satisfying
results. Therefore, more than 5,000
photos were taken of many infected

grapevine leaves with a Samsung Galaxy
M51, iPhone 12 Mini, and a Sony Xperia
XZ2 Compact. Due to the rareness
of many diseases, only the four most
common and harmful leaf diseases were
used for training. The dataset currently
contains leaf images during different
stages of infestation and was classified
with the following diseases: powdery
mildew, downy mildew, black wood
disease, and esca disease. Additionally,
healthy leaves without grapevine leaf
disease infestation and images of the
red and vyellow autumn colouring
were added. The total of seven classes
were labelled by hand. In Table 2 the
distribution of the data set is illustrated.
For the evaluation during the training,
10 percent of the input data was split
off as validation data. Furthermore, at
least 100 images per class were used as
test data. With this data, we were able
to simulate how the model behaves on
completely new data.

2.2 Data Pre-Processing

An image is represented as a matrix of
pixel values, which corresponds to RGB
from 0 to 255 over three matrices. The
RGB-range was chosen so that colour
differences can also be recognized. This
creates an input size for the mesh of
[224, 224, 3] To achieve the best possible
results, the images were normalized
between [-1,1] before training.

The images always have a typical
background by taking a close-up of the
grapevine leafin the vineyard. To reduce
the background as much as possible in
the input image, Grabcut [24] and Haar
cascades [25] were tested to extract

Classes Healthy Red

color

Number
of photos

autumn

Table 2: Distribution of the data set by classes

Yellow
autumn
color

663

Powdery | Downy
mildew mildew
564

Esca Others

disease

doi: 10.7795/320.202210


https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-tab-02.jpg
https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-tab-02.jpg

JUNGE wissenschaft 10/22 |

the leaf data solely. To diversify the
dataset and generate additional images,
the following features of the photos
were altered with data augmentation:
brightness, zoom-range, shear-range,
rotation, width and height change (see

Fig. 1).

2.3 The Model

Since the model runs locally on mobile
phones, a simple, accurate, but fast
setup was necessary. A hyperparameter
search program was created to find
the balance between accuracy and
speed. The program is based on the
idea of a “GridSearch” [26] algorithm
that systematically starts to train the
model from a range of values and finally
outputs the optimal values.

It is a classification with multiple clas-
ses via a Convolutional Neural Network
(CNN) [27]. The basic layers of a CNN
are:

= Convolutional layer: Extracting
main information from the image
with filters.

= Pooling layer: Reduces the result
from the convolutional layer to
the most important by pooling
pixel values (e.g., maximum value,
average value).

= Fully connected layer: Classification
of the data from the precedin
layers (one-dimensional vector x
required, which is achieved via
flattening layers) [28].

Transfer learning was applied to create
a valid model. “MobileNet” [29] is based
on a convolutional network. In addition
to the convolutional, pooling, and fully
connected layers described above, the
following functions have been added to
MobileNet:

= Batch normalization: Prevents the
weights from becoming extremely
large or small and speeds up the
training.

©

original

Fig. 1: Example for data augmentation. The picture on the upper left
corner is the original, all other image appearances are slightly changed
(for example rotated) with a TensorFlow generator. All on this

way generated pictures were also used to train the model.

= Dropout: Deactivates random
neurons in the training process to
prevent overfitting, and the model
develops a general disease pattern

in each case [29].

The model uses the activation functions
ReLU (Rectified Linear Unit) in the
hidden layers and Softmax in the output
layer.

ReLU: Formula (1)

The result of the Softmax function [30]
is a vector in the value range [0,1] whose
sum is one. The elements of the vector
correspond to the probability for each
class.

(o)
@) - =

Softmax :( ;
Z d alsses eX
j=

(P Softmax

i

x, € Zand classes € N

In this case, the model includes the
following seven classes: Real mildew,
false mildew, esca, blackwood disease,
red and yellow autumn color and
healthy.

Z corresponds to the input, which the
function changes to a range of values
from zero to one. If the input is negative,
the output is close to zero, and the
output is close to one for a large input.

For the calculation in a neuron, the
weights vector # and the scalar bias are
required, which were optimized with
the gradient descent algorithm.

Formula (1)

x forx. 2 0
¢ %) = max(0,x ) = Jor,
ReLU i 0forx, <0
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result, = (¢(w - input + bias)), B2]

or transferred to all neurons, where 7 is
the number of neurons in the layer:

resull = ¢(bias + X" w - input )

The cost function categorical cross
entropy is based on the “labels” of
our dataset and the most likely class
“prediction” according to our model:

Formula (2)

The gradient descent method was
used, which various optimizers can
implement (e.g. Adam, SGD). The
gradient (first derivative of the cost
function) [34] shows in which direction
the function rises the most, and the
negative gradient shows in which
direction the function falls. This
gradient vector is normalized to length
one and multiplied by the learning
rate (step size). If the learning rate is
too large, the global minimum may be
skipped, and a local minimum found. If
the step size is too small, the model can
get stuck in a local minimum.

Here, the threshold value (bias) and the
weight vector are among the adjustable
hyperparameters. The result of the
neuron is transferred to the next layer
via the connections. The activation
function normalizes the neuron’s
output in the process, as it can otherwise
become arbitrarily large. In total, Keras
MobileNet consists of 92 layers [29].
The training process was logged for
both models with the callback’s early
stopping and checkpoints.

a)

b)

Fig. 2: Picture of grapevine leaf (left) and demolished grapevine leaf
after applying the segmentation algorithm Grabcut (right), which
replaces all background pixels with black pixels. @

J

Formula (2)

L(Prediction) = =Y e label, - In(Prediction ) [33]

2.4 Training Set-up

We used Python 3 as a programming
language and the following libraries:
TensorFlow [35], Keras [36], OpenCV
[37], NumPy [38] and Scikit-learn. A
GPU-enabled Anaconda environment
with CUDA was used, and training took
place on a GeForce GTX 1050 TI 4GB.

2.5 The App

The app was programmed with
ExpoGo [39] to achieve cross-platform
compatibility. Before the photo is passed
to the model, it must be cropped and

normalized. This must be done in the
same way as in the data pre-processing
for the training data. This involves
looping through each pixel of the
matrix and performing the following
calculation for float values:

PixelValue — 127

128

The model then runs locally.
2.6 The Server

The server is based on a Python Flask
Server [40]. First, a CronJob (regularly
executed program) was implemented,

Frozen layers

Time needed in minutes

Validation Accuracy after epoch 15

Table 3: Validation accuracy and training time depending on the frozen layers

None 3 12 20
0.88 0.90 0.96 0.93
25 23 25 23

doi: 10.7795/320.202210
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MobileNet

Inputbild (224,224,3)

A
N

First 12 layers are freezed

Global Pooling Layer

Rel U Activation Softmax Activation

Dense 1024

Dense 1024 Dense 512 Dense 7

P

e

\ '_.~

A

A

A

80 trainable layers

CNN

Fig. 3: After the image was processed by the MobileNet and Global Pooling Layer, it passes
three fully connected layers before it activates the Softmax function in the last layer.

Fully Connected

which creates plots. The four most
frequent leaf diseases, autumn color and
healthy of the current and last month
and year are created and made available
via the Flask server. Furthermore, the
server accepts the post requests from
the app and adds information from new
leaf analyses or creates a plot with the
four most common leaf diseases in a
10-kilometers radius on post request.
The server saves new information in a
Mongo Database [41]. It also converts
the coordinate data to a city using the
OpenStreetMap API [42], if possible in
such a way that the user knows which
region the plot is from. Debugging has
taken place with Postman Agent [43],
which simplifies the sending of API
requests.

3. Results
3.1 Grabcut and Haar Cascades
As can be seen in Fig. 2, Grabcut did

not result in satisfactory results, often
removing discolorations of the leaves

©

that were recognized as part of the
background. Similarly, Haar cascades
did not produce meaningful results
as the dataset was not large enough.
Therefore, the full images, including
background, were used for the further
training and evaluation of the model.

3.2 Machine Learning Model

MobileNet was placed in front of
the fully connected layers (see Fig.
3). The MobileNet’s fully connected
output layer was replaced with our
own layers with the neuron count

0.9 - w@\,—-s
0.8 - /\\ f\///“
0.7 4 ,.///
0.6 ) /
z |
©
5 0.5
51
< 0.4 ——First 20 layers frozen
~=—No layer is frozen
0.3 1 First twelve layers frozen
0.2 - First three layers frozen
0.1 A
0 T T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 00 11 12 13 14 15

Epochs

Fig. 4: Validation accuracy in dependence of frozen layers

doi: 10.7795/320.202210


https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-img-02.jpg
https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-img-03.jpg
https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-img-03.jpg
https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-img-03.jpg
https://www.junge-wissenschaft.ptb.de/fileadmin/paper/2022/10/JUWI-10-22-img-04.jpg

Verlag
Physikalisch-
Technische
Bundesans

[y

o
©
L

o
o

o
N

o
)}
L

——Adam --SGD

Accuracy
© o o o
N w = w
L L L L

o
-
1

o

Adamax Adagrad

optimizers over 30 epochs

Fig. b: Validation accuracy figure of different

15 20 25 30
Epochs

1024 > 1024 > 512 > 7 (class number),
and the activation ReLU and Softmax.
As  MobileNet pretrained,
specifically  to  recognize  basic
structures in the first layers and details
in the later ones, it was investigated how
many of the initial first layers should be
frozen to maximize accuracy. This then
allowed for only changing and adapting
the detailed last layers for the disease
recognition.

was

In Fig. 4, the number of frozen layers
only suggests a largely varying effect
on the accuracies in the first epochs.
Nevertheless, 15 epochs, the
distribution in Tab. 3 emerges as a
function of the frozen layers.

after

While the training times change only
minimally (Tab. 3) and can be regarded
as natural fluctuations or standard
deviations, the wvalidation accuracy
differs significantly depending on the
number of frozen layers. This is because
basic shapes are recognized in the first
layers and details in the last layers.
However, these details are not adapted
to our leaf dataset and have to be re-
trained. The first twelve layers have
been frozen for our final model because
this setting leads to the best result.

The primary objective is to find the
position of the global minimum in the
cost function. If the prediction is close
to the actual value, the loss is small. The
further apart the values are, the greater

Table 4: Insertion of example values in categorical cross entropy

Real value Forecast Used in categorical Value
cross entropy
1 1 -1-1In(1) 0
1 0.75 -1-1n(0.75) ~0.288
1 0.5 -1-1n(0.5) ~0.693
1 0 -1-1n(0) +00

doi: 10.7795/320.202210

the loss or they become arbitrarily large,
ascanbe seenin Tab.4. The sum sign can
be omitted since this is a classification
problem and the labels (categories) or
only one class receive the value one for
the actual value.

The optimizer also plays a crucial role
in the training process regarding the
time it takes to find the optimum. The
optimizers Adam, SGD, Adamax, and
Adagrad [44] were tested and the results
have been recorded for 30 epochs (see

Fig. 5).

Even if all optimizers start at different
accuracies, sooner or later, they all lead
to a high accuracy (see Fig. 5 and Tab. 5).

Adam [44] was used, although the
fluctuations of the validation accuracy
had to be taken into account. Adam
calculates the learning rate for each
parameter and has a momentum. The
momentum uses not only the current
gradient but also the gradient of the last
optimization steps.

In Fig. 6 it is clear to see that MobileNet
already starts with a training accuracy
of 70 percent. This can be attributed
to the fact that it can transfer learned
patterns. After a final training until the
convergence of the loss with 53 epochs,
the values shown in Tab. 6 and Tab. 7 on
the seven classes downy and powdery
mildew, black wood, esca, red and
yellow autumn blush, and healthy were
achieved.

A model has been sufficiently trained
when it no longer randomly predicts
the label but chooses it by using the
features. With seven classes, our model
must have an accuracy above

100% —
Number of classes —

100% =~ 14.29%

to be classified as non-random.

It is also helpful to create a confusion
matrix of the predicted and actual labels
(see Fig. 7) to analyse which diseases
have been classified incorrectly.
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Table 5: Comparison of different optimizers

Optimizer Adam SGD Adamax Adagrad
Validation Accuracy 0.98 0.94 0.96 0.97
Time needed in minutes 53 55 52 53

Training

Validation

Table 6: Accuracy and loss of the MobileNet

Accuracy

It can be seen in Fig. 7 that the diagonal
stands out, because many predictions
correspond to the real value. Only
downy mildew is occasionally predicted
as healthy. However, healthy leaves are
not predicted as downy mildew. It is
unclear why the model only confuses
the disease for healthy and not the other
way around. It could be the case because
they look very familiar, especially at an
early stage.

4. Discussion

Overall, the aim of this project was
achieved as a smartphone app linked
to a machine learning model was

developed, which is available free

of charge in the Play- and AppStore
and was downloaded over 770 times
(state: November 2022). It has been
shown that it is possible to classify
different  grapevine
through picture data (mobile images).
Furthermore, the classifying algorithm
is usable on smartphones.

leaf diseases

The decision to use smartphone photos
combined with an app for this project
proves to be reasonable given the
high usage and quality of smartphone
cameras. Already in 2017, 85 percent
of all pictures were taken with a
smartphone. Digital cameras accounted
for only 10.3 percent, while tablets made
up 4.7 percent of all pictures taken [46].

It is not surprising that the number of
photos taken has almost doubled since
2013 as the quality of smartphone
images is getting increasingly better.
In addition, more and more people
own a smartphone that they always
have on hand, unlike a tablet or digital
camera [47]. Additionally, the quality of
smartphone pictures has evolved very
fast. The pioneer of the first generation
of smartphones with photo and video
functions took pictures with a resolution
of 0.1 megapixels (100,000 pixels).
Nowadays, modern smartphones can
take even better pictures than normal
cameras. The modern 4k resolution
(also called Ultra-HD) displays films
with 3840 to 2160 pixels [48].

MobileNet has been used as an
algorithm because it was important
to run the model locally on the
smartphone in order to use it directly
in the grape vineyard, and to also allow
for a use without internet connection.
The neural network is not only fast,
straightforward and has a light depth,
but it also needs little storage space
and has a low power consumption.
Another benefit of using MobileNet is,

Classes

Healthy

Precision

Yellow
autumn
colouring

Table 7: Calculating the metrics of the model [45]

Red
autumn
colouring

Powdery
mildew

Downy
mildew

Recall

doi: 10.7795/320.202210
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that the model was already pretrained
and had learned to recognize basic
structures. Even though the accuracy
of MobileNet is relatively high (in
general), it is possible that the accuracy
would rise even more with a non-local
working algorithm specialized on this
task. Summarizing MobileNet was a
good choice because of its effectively
maximized accuracy, while allowing
for limited resources, for an on-device
or embedded application [54].

While the model achieves an accuracy
of 95 percent, there is still an occasional
risk of confusion between healthy
leaves and those infested with powdery
mildew (see Fig. 7). This is the case
when the powdery mildew infestation
is sparse and only shows a marginal
fungal layer. Instead of using only
one multi-class classification model,
an extra classifier only differentiating
between those two classes could expand
the classification pipeline to reduce this
problem. An approach to use “One-vs-
One” or “One-vs-Rest” classifiers for
multi-class classification can boost the
accuracy and decrease mix-ups [55].

Because a data augmentation algorithm
was employed, we could create a strong
proof of concept with a relatively
small image database. Further reasons

©

for the stable functionality are high-
quality images and very distinct
disease patterns. The recognition of
barely visible symptoms is currently
challenging to realize. New approaches
of capturing more wavelengths and a
more precise distinction between the
different diseases with hyperspectral
or infrared
Accuracy and utility can be remarkably
improved with more pictures of this

should be considered.

kind. Although the dataset already
contains images of diseases at the
earliest stage they can be classified, it
would be interesting to create a method
and corresponding model allowing
to identify already infected grapevine
leaves even if the infestation is not yet
visible for humans. To achieve this,
plants would have to be observed over a
long term. Generally, it is to be expected
that a large number of images will
produce better results. Considering that
many natural influences can change the
appearance of leaves, such as sunlight or
raindrops on the leaves, it is necessary
to add more complex situations. On the
one hand, the image database can be
enlarged by adding more data to each
class, and on the other hand, it can be
diversified through new classes.

When expanding the dataset, the read-
in process can be further optimized

via a Tensorflow Input Pipeline
(input method) [52]. Using the

TensorflowRecord [53] format, image
objects are saved in a binary format
to speed up the loading process. Large
amounts of data can be stored in smaller
files, named shards, to reduce memory
workload. Since the number of images is

Confusion Matrix - Test Data

Healthy .

Downy mildew

Powdery mildew

Tue label

Blackwood disease

Yellow autumn color

Red autumn color

- .

- 20

Predicted label

Fig. 7: The confusion matrix on test data
depicts which classes are mixed up.
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not yet too large, the conceptualization
does not currently offer a significant
advantage because it is more time-
intensive to implement.

Numerous papers prove other use
cases of plant disease recognition with
mobile phone images and machine
learning. While the Plant Village [49]
data set is widely used as a data basis
[50], we were able to create a data
set with more grapevine leaf disease
classes and in an environment with
different backgrounds. The researchers
of “Soybean Plant Disease Identification
Using Convolutional Neural Network.”
[51] also came to the conclusion that
the implementation of a segmentation
algorithm does not allow any advantage
in recognition accuracy. Grayscale
images, also experimentally investigated
in [51] to avoid bias from external image
influences in the model, resulted in
significantly lower accuracy, which is
why the researchers decided to use the
data set recorded in an uncontrolled
environment. Another example is the
paper “Automated
sugar beet diseases using smartphones”,
[23] which is also based on RGB
smartphone images. Still, it describes
an additional feature extraction step
with colour filters before classification,
which improves their result. As a
meaningful evaluation of the results,
their classification model was compared
with sugar beet experts to demonstrate
the advantage of the machine learning
approach.

identification of

5. Summary

A portable app with a local running
model was created to take pictures
of the grapevine leaves and allow
of possible
diseases directly in the vineyard. An
instructional video for the installation
and use of the app has been provided
(professional and hobby
winemakers) on YouTube (YouTube
INFOrmAtlc Teens). In
addition, the app includes information
on the current local and national spread

d

users a classification

for wusers

channel:

Seite 11

of grapevine leaf disease infestations
as well as an overview of the temporal
course of spread patterns in the past.
With the app, photos were classified
within ten seconds with a 97 percent
accuracy on training data. It was shown
that four different grapevine diseases,
the autumn colours, and healthy leaves
can be accurately identified using
smartphone-quality  photos.
misclassifications are still possible, the
dataset will be further extended and
annotated. However, overall this project
has shown that artificial intelligence
combined with mobile
aid winemakers to precisely diagnose
diseases in the vineyard as a basis for
planning plant protection strategies.
Therefore, the app provides a valuable
opportunity for winegrowers to reduce

Since

devices can

the need and use of pesticides in the
grape vineyard in the future - with
more sustainable grape products and a
habitat that will be less polluted with
environmental toxins.
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Originalbeitrige junger AutorInnen bis
zum Alter von 23 Jahren.

Die Beitrdge konnen auf Deutsch
oder Englisch verfasst sein und
sollten nicht linger als 15 Seiten mit
je 35 Zeilen sein. Hierbei sind Bilder,
Grafiken und Tabellen mitgezéhlt.
Anhinge werden nicht veroffentlicht.
Deckblatt und Inhaltsverzeichnis
zéhlen nicht mit.

Formulieren Sie eine eingingige
Uberschrift, um bei der Leserschaft
Interesse fiir Ihre Arbeit zu wecken,
sowie eine wissenschaftliche

Uberschrift.

Formulieren Sie eine kurze, leicht
Zusammenfassung
(maximal 400 Zeichen).

verstandliche

Die Beitrdge sollen in der iiblichen
Form gegliedert sein, d. h. Einleitung,
Erlauterungen zur Durchfithrung
der Arbeit sowie evtl. Uberwindung
von Schwierigkeiten, Ergebnisse,
Schlussfolgerungen, Diskussion,
Liste der zitierten Literatur. In
der Einleitung sollte die Idee zu
der Arbeit beschrieben und die
Aufgabenstellung definiert werden.
Auflerdem sollte sie eine kurze
Darstellung ~ schon  bekannter,
ahnlicher Losungsversuche enthalten
(Stand der Literatur). Am Schluss
des Beitrages kann ein Dank an
Forderer der Arbeit, z.B. Lehrer und

q

Sponsoren, mit vollstindigem Namen
angefiigt werden. Fur die Leser kann
ein Glossar mit den wichtigsten
Fachausdriicken hilfreich sein.

Bitte reichen Sie alle Bilder,
Grafiken und Tabellen nummeriert
und  zusitzlich  als  eigene

Dateien ein. Bitte geben Sie bei
nicht selbst erstellten Bildern,
Tabellen, Zeichnungen, Grafiken
etc. die genauen und korrekten
Quellenangaben an (sieche auch
Erstveroffentlichungserkldrung).
Senden Sie Ihre Bilder als
Originaldateien oder mit einer
Auflsung von mindestens 300 dpi
bei einer Grofle von 10 - 15 cm!
Bei Grafiken, die mit Excel erstellt
wurden, reichen Sie bitte ebenfalls
die Originaldatei mit ein.

Vermeiden Sie aufwendige und lange
Zahlentabellen.

Formelzeichen nach DIN, ggf.
IUPAC oder IUPAP verwenden.
Gleichungen  sind  stets  als
Groflengleichungen zu schreiben.

Die Literaturliste steht am Ende der
Arbeit. Alle Stellen erhalten eine
Nummer und werden in eckigen
Klammern zitiert (Beispiel: Wie
in [12] dargestellt ...). Fuflnoten
sieht das Layout nicht vor.

Reichen Sie Thren Beitrag sowohl in
ausgedruckter Form als auch als PDF

doi: 10.7795/320.202210

ein. Fiir die weitere Bearbeitung und
die Umsetzung in das Layout der
Jungen Wissenschaft ist ein Word-
Dokument mit moglichst wenig
Formatierung erforderlich. (Sollte
dies Schwierigkeiten bereiten, setzen
Sie sich bitte mit uns in Verbindung,
damit wir gemeinsam eine Lésung
finden konnen.)

Senden Sie mit dem Beitrag die
Erstveroffentlichungserklirung ein.
Diese beinhaltet im Wesentlichen,
dass der Beitrag von dem/der
angegebenen  AutorIn
keine  Rechte  Dritter
werden und noch nicht an anderer
Stelle veroffentlicht wurde (aufler
im Zusammenhang mit Jugend
forscht oder einem vergleichbaren
Wettbewerb). Ebenfalls ist zu
versichern, dass alle von Ihnen
Bilder, Tabellen,
Zeichnungen, Grafiken etc. von
Thnen veroffentlicht werden diirfen,
also keine Rechte Dritter durch die
Verwendung und Verdffentlichung
Entsprechendes
Formular ist von der Homepage
www.junge-wissenschaft.ptb.de
herunterzuladen,
auszufiillen und dem gedruckten
Beitrag unterschrieben beizulegen.

stammt,
verletzt

verwendeten

verletzt werden.

auszudrucken,

Schliefllich sind die genauen
Anschriften der AutorIlnnen mit
Telefonnummer und E-Mail-
Adresse sowie Geburtsdaten und
Fotografien (Auflosung 300 dpi bei
einer Bildgréfle von mindestens

10 - 15 cm) erforderlich.

Neulingen im Publizieren werden
als Vorbilder andere Publikationen,
z.B. hier in der Jungen Wissenschatft,
empfohlen.


https://www.junge-wissenschaft.ptb.de/fileadmin/autorenhinweise/Juwi_Erstveroeffentlichung.pdf
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