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Abstract. Visual identification of diseases in grapevines can be a difficult
task for growers. The importance of farmers in the identification of grape
diseases due to control the spread of disease and lower agricultural yield
losses. In this study developed a disease identification system in plants using
image processing. Images of leaves on grapevines infected with the disease
were taken, extracted features from the images and applied the ResNet-50
algorithm. The dataset of grape leaf images taken was 200 images for four
classes, including 3 classes of leaves identified as diseased and 1 class of
healthy leaves. The experimental results show that the image processing
system for identifying diseases in grapes identifies the types of disease in
grapevines. This research has the potential to be implemented in a farm
automation system to detect early diseases in grapevines and take
appropriate preventive measures to increase productivity and crop quality.

1 Introduction

Grapes have a high market value, making them profitable in the economic sector [1].
Additionally, grapes contain antioxidants that are beneficial to human health [2]. Due to the
numerous benefits of grapes, the demand for them continues to increase. Identifying plant
diseases in grapevines is crucial for improving grape harvests. It is important to do this early
and accurately [3]. In addition, grape growth requires just the right amount of sunlight to
prevent the grape skin from becoming wrinkled [4]. Viruses also have a significant impact
on the growth of grape leaves [5]. Most growers diagnose diseases manually by observing
plants with identified diseases only by naked eye. Timely disease identification is very
important as a small number of diseased leaves can transmit the disease to other leaves and
even to the grapes [6-7]. If growers want a good harvest, then it is very important to detect
vine diseases at an early stage to recommend treatment to prevent heavy losses.

Although many agricultural experts are skilled in identifying diseases, they also have
shortcomings such as losing focus, resulting in decreased accuracy in disease identification.
Therefore, an automated system with precise accuracy is needed. The combination of image
processing, pattern recognition, and classification technology can help to overcome or at least
reduce the problem of disease identification [8-10]. The aim of this research is to use digital
image processing to detect and characterize diseases in grape plants.
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Identifying diseases in grape plants is a crucial aspect of agriculture as it can aid farmers
or agricultural experts in controlling and preventing the spread of diseases. Conventional
identification methods such as visual observation can be time-consuming and not always
accurate [11-12]. Therefore, image processing techniques have been proposed as an
alternative solution for quickly and accurately identifying diseases in grape plants [13-14].

Previous studies have tested the effectiveness of image processing techniques in
identifying diseases in grape plants. For example, a study used color segmentation technique
to identify leaves of grape plants infected with diseases. The study showed that the color
segmentation technique successfully separated infected leaves from healthy ones with a high
level of accuracy [15-16].

In addition, research has been conducted using climate-based techniques to identify
Downy Mildew and Powdery Mildew. By observing the existing climate conditions, timely
diagnosis and accurate detection of plant diseases can be achieved [17]. Other studies have
utilized Ghost convolution and Transformer networks to diagnose grape leaves [18], while
CNN architecture has been used to identify diseases such as black rot, esca, and isariopsis
leaf spot on healthy grape leaves [19].

ResNet-50 (Residual Network-50) is one of the most popular and effective convolutional
neural network (CNN) model architectures for image processing tasks, including identifying
diseases in grape plants. These blocks allow the network to 'learn' residual information
(differences) between the input and output of a layer, enabling deeper and better network
training. The main advantage of the ResNet architecture is the use of residual blocks.

2 Research Method

Image processing is a technique used to analyze digital or photographic images. In the context
of identifying diseases on grape vines, images of infected leaves are captured using a
smartphone camera. The image will then undergo several images processing techniques,
including segmentation, which aims to separate the object area from the background,
extraction, which is the process of extracting features including color, texture, shape, and size
of the object, and classification, which is the process of determining a specific class label for
each object in the image.

The image processing method used in this study involves data collection, modeling, and
detection (Figure 1). Data was collected through existing datasets on Kaggle, and the
identified plant diseases were based on three sets of diseased leaf datasets and one set of
healthy leaf dataset, each containing fifty images for each type of disease.

The modeling technique used in this study is thresholding, which is a type of image
processing technique used to convert grayscale or color images into binary (black and white)
images with the aim of separating objects from the background. The method compares the
pixel intensity values with a certain threshold value and converts them into black or white
pixels.
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Fig. 1. Methods in image processing
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2.1 Dataset

This study will only identify common grape diseases in Indonesia, such as Black Rot, Esca,
and Leaf Blight. The research revealed several types of grape diseases, including: Rare grape
diseases will not be the focus:

2.1.1 Black Rot

Black rot: brown lesions on leaves that develop black spots (Figure 2). This disease affects
leaves, stems, flowers, and fruit. All new growth on the plant is prone to attack during the
growing season. Fungicides, such as Dithane, can be used to treat this disease.

Fig. 2. Shows Black Rot

2.1.2 Esca

Esca: is marked by a 'tiger stripe' pattern on the leaves (Figure 3). Esca is also known as
'silent disease', meaning that its symptoms often go unnoticed and can lead to sudden death
of the plant. This symptom is caused by toxins produced by Phaeomoniella,
Phaeoacremonium, and Cylindrocarpon spp. Esca can occur as a chronic disease or suddenly
during hot and dry summers. Controlling or preventing this disease involves the use of
healthy materials, pruning, removal, and burning of diseased plants.

Fig. 3. Shows Esca

2.1.3 LeafBlight

Leaf Blight: Leaf blight is a disease that can infect plants at all growth stages (Figure 4).
The cause of this disease is when the leaves are injured or have natural holes such as stomata,
which damages the chlorophyll in the leaves and disrupts the photosynthesis process,
resulting in the death of the leaves. In addition, environmental factors such as high humidity
can also lead to the emergence of this disease. To control it, prune the affected leaves,
improve plant sanitation, and spray with bactericide.
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Fig. 4. Shows LeafBlight

2.1.4 Healthy

Healthy leaves were used as a control and reference for the images in the dataset (Figure 5).
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Fig. 5. Shows Healthy leaves

2.2 Preprocessing

Table 1 displays the number of datasets to be trained, which greatly affects the model's
performance on image processing and retrieval. The number of images in the dataset and
their quality are influenced by several factors, including the complexity of the disease, the
required level of accuracy, and the difficulty of identification. In image processing, we must
consider the image resolution, which refers to the number of pixels in the image, and the
image quality, which includes sharpness, contrast, and detail. By converting the input into
images of infected or healthy vine leaves, the model can learn to recognize the characteristic
patterns that indicate disease in the vine leaves. The dataset of leaf images is randomly
separated into train and test folders with a ratio of 8:2. The source code generated on Google
Collaboratory will be used to test the image files.

Table 1. Grapes leaf dataset

Type Class Number of Images
Black Rot 0 50
Esca 1 50
LeafBlight 2 50
Healthy 3 50

ResNet-50 was used to train the dataset using the TensorFlow and PyTorch libraries. The
top layer of ResNet-50 employs a dense (fully connected) layer and softmax. The dataset
consists of three infected classes and one healthy class. An iterative process is used to
minimize the loss function by updating the weights in the model. To ensure color consistency
in grape plant leaves, white balance correction technique is used to normalize colors, along
with preprocessing techniques such as resizing and cropping. The use of ReLU (Rectified
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Linear Unit) function in ResNet-50 convolutional layers helps introduce non-linearity into
the model, allowing the neural network to learn complex patterns in grape plant image data.
This can assist the model in understanding and distinguishing relevant features for identifying
diseases in grape plants and learning more abstract representations of grape plant images,
enabling the model to make accurate predictions about infected or healthy plants (Figure 6).
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Fig. 6. ResNet-50

After completing the training, evaluate the model on the test dataset using metrics such
as accuracy, precision, recall, Fl-score, and confusion matrix to measure its performance.
Precision is a useful measure to determine the accuracy of the model in classifying positive
instances (Eq. 1). Recall provides information about the model's ability to identify all relevant
positive examples (Eq. 2). The F1 score is a harmonic measure of precision and recall (Eq.
3). It differs from the regular arithmetic mean in that it places more weight on the lower value
of the two metrics [20].

. TP
Precision = W
TP+FP
TP
Recall = )
TP+FN
PXR
F1 Score = 2 x X8 3)
P+R

3 Results and discussion

The trial loss measures how well the model performs on the trial data, while the validation
loss measures performance on data that the model has not seen during trial. When trial a
model, a measure is used to indicate how well or poorly the model predicts the true target
from the trial data to minimize the loss value (Figure 7).
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Fig. 7. Diagram (a) Loss Data Model (b) Accuracy Data Model
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Fig. 8. Image an accuracy test results on Google Colaboratory

The Figure 8 illustrates the loss incurred during the modeling process in Google
Colaboratory over time or epochs during the model training, specifically 3000 epochs with
an accuracy of 0.75%.

During the testing phase of grape leaf disease detection with a dataset of 200 images, the
parameters used will be TP (True Positive), which represents the number of blocks that
correspond to grape leaves and are detected as such, FP (False Positive), which represents
the number of blocks that are detected as grape leaves but are not, and FN (False Negative),
which represents the number of blocks that are detected as non-grape leaves but are and the
detection results based on the program run on Google Collaboratory are in Figure 9.

precision recall fl-score  support

Black_Rot 1.08 a8.97 8.99 36
Esca 8.97 1.086 8.99 33

Healthy 1.08 1.086 1.646 38
Leaft_Blight 1.8 1.88 1.688 29
accuracy 8.99 128
macro avg 8.99 8.99 8.99 128
weighted avg 8.99 @.99 8.99 123

Fig. 9. Image the detection results in Google Collaboratory

4 Conclusion

This article discusses the use of ResNet-50 for classifying grape leaf images into four
categories: three different symptom images, namely BlackRot, Esca, LeafBlight, and one
healthy leaf image. The experimental results show that ResNet-50 can achieve 99% accuracy,
making it a reliable tool for assisting farmers in identifying grape plant diseases.

The researchers would like to express gratitude towards the Directorate General of Research
Enhancement and Development, Ministry of Education, Culture, Research, and Technology, for the
grant has provided.

References

1. K. B. Fuller, J. M. Alston, & O. S. Sambucci, The value of powdery mildew
resistance in grapes: Evidence from California. Wine Economics and Policy, 3 (2014)
90-107. https://doi.org/10.1016/j.wep.2014.09.001.



BIO Web of Conferences 117, 01046 (2024)
ICoLiST 2023

2.

10.

11.

12.

13.

14.

15.

16.

Q. Liu, G. Y. Tang, C. N. Zhao, X. L. Feng, X. Y. Xu, S. Y. Cao, X. Meng, S. Li, R.
Y. Gan, & H. Bin Li, Comparison of antioxidant activities of different grape varieties.
Molecules, 23 (2018). https://doi.org/10.3390/molecules23102432.

K. P. Seng, L. M. Ang, L. M. Schmidtke, & S. Y. Rogiers, Computer vision and
machine learning for viticulture technology. IEEE Access, 6 (2018) 67494-67510.
https://doi.org/10.1109/ACCESS.2018.2875862.

Q. Deng, H. Xia, L. Lin, J. Wang, L. Yuan, K. Li, J. Zhang, X. Lv, & D. Liang,
SUNRED, a natural extract-based biostimulant, application stimulates anthocyanin
production in the skins of grapes. Scientific Reports, 9 (2019).
https://doi.org/10.1038/s41598-019-39455-0.

Z. Gao, L. R. Khot, R. A. Naidu, & Q. Zhang, Early detection of grapevine leafroll
disease in a red-berried wine grape cultivar using hyperspectral imaging. Computers
and Electronics in Agriculture, 179 (2020).
https://doi.org/10.1016/j.compag.2020.105807.

M. A. Alajrami & S. S. Abu-Naser, Grapes Expert System Diagnosis and Treatment.

A. Adeel, M. A. Khan, M. Sharif, F. Azam, J. H. Shah, T. Umer, & S. Wan, Diagnosis
and recognition of grape leaf diseases: An automated system based on a novel
saliency approach and canonical correlation analysis based multiple features fusion.
Sustainable Computing: Informatics ~ and  Systems, 24 (2019).
https://doi.org/10.1016/j.suscom.2019.08.002.

T. Dewi, R. Rusdianasari, R. D. Kusumanto, & S. Siproni, Image Processing
Application on Automatic Fruit Detection for Agriculture Industry (2022).

N. R. Kolhalkar & V. L. Krishnan, Mechatronics system for diagnosis and treatment
of major diseases in grape vineyards based on image processing. Mater Today Proc
(Elsevier Ltd, 2020), pp. 549-556. https://doi.org/10.1016/j.matpr.2019.05.407.

Z. Tang, J. Yang, Z. Li, & F. Qi, Grape disease image classification based on
lightweight convolution neural networks and channelwise attention. Computers and
Electronics in Agriculture, 178 (2020).
https://doi.org/10.1016/j.compag.2020.105735.

X. Sun, G. Li, P. Qu, X. Xie, X. Pan, & W. Zhang, Research on plant disease
identification based on CNN. Cognitive Robotics, 2 (2022) 155-163.
https://doi.org/10.1016/j.cogr.2022.07.001.

T. Kalampokas, E. Vrochidou, G. A. Papakostas, T. Pachidis, & V. G. Kaburlasos,
Grape stem detection using regression convolutional neural networks. Computers
and Electronics in Agriculture, 186 (2021).
https://doi.org/10.1016/j.compag.2021.106220.

H. Cecotti, A. Rivera, M. Farhadloo, & M. A. Pedroza, Grape detection with
convolutional neural networks. Expert Systems with Applications, 159 (2020).
https://doi.org/10.1016/j.eswa.2020.113588.

U. Sanath Rao, R. Swathi, V. Sanjana, L. Arpitha, K. Chandrasekhar, Chinmayi, &
P. K. Naik, Deep Learning Precision Farming: Grapes and Mango Leaf Disease
Detection by Transfer Learning. Global Transitions Proceedings, 2 (2021) 535-544.
https://doi.org/10.1016/].gltp.2021.08.002.

K. Ashokkumar, S. Parthasarathy, S. Nandhini, & K. Ananthajothi, Prediction of
grape leaf through digital image using FRCNN. Measurement: Sensors, 24 (2022).
https://doi.org/10.1016/j.measen.2022.100447.

S. M. Javidan, A. Banakar, K. A. Vakilian, & Y. Ampatzidis, Diagnosis of grape leaf
disecases using automatic K-means clustering and machine learning. Smart

https://doi.org/10.1051/bioconf/202411701046



BIO Web of Conferences 117, 01046 (2024) https://doi.org/10.1051/bioconf/202411701046
ICoLiST 2023

Agricultural Technology, 3 (2023) 100081.
https://doi.org/10.1016/j.atech.2022.100081.

17. K. Sanghavi, M. Sanghavi, & A. M. Rajurkar, Early stage detection of Downey and
Powdery Mildew grape disease using atmospheric parameters through sensor nodes.
Artificial Intelligence in Agriculture, 5 (2021) 223-232.
https://doi.org/10.1016/j.aiia.2021.10.001.

18. X. Lu, R. Yang, J. Zhou, J. Jiao, F. Liu, Y. Liu, B. Su, & P. Gu, A hybrid model of
ghost-convolution enlightened transformer for effective diagnosis of grape leaf
disease and pest. Journal of King Saud University - Computer and Information
Sciences, 34 (2022) 1755-1767. https://doi.org/10.1016/].jksuci.2022.03.006.

19. S. Yu, L. Xie, & Q. Huang, Inception convolutional vision transformers for plant
disecase identification. Internet of Things (Netherlands), 21 (2023).
https://doi.org/10.1016/}.10t.2022.100650.

20. M. Ji, L. Zhang, & Q. Wu, Automatic grape leaf diseases identification via
UnitedModel based on multiple convolutional neural networks. Information
Processing in Agriculture, 7 (2020) 418-426.
https://doi.org/10.1016/j.inpa.2019.10.003.



