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Abstract 
 
This study investigates the application of artificial intelligence, specifically deep 
learning-based image processing techniques, for the detection of grapevine diseases 
in agricultural settings. Leveraging a publicly available dataset from Kaggle, the 
project focuses on classifying grape leaves as either healthy or affected by one of 
three common diseases: Black Rot, Esca (Black Measles), and Leaf Blight. Three 
machine learning models were developed and evaluated: Convolutional Neural 
Networks (CNN), Deep Neural Networks (DNN), and Transfer Learning. Each 
model was trained and tested using the same dataset to ensure a fair comparison. 
Among the models, the CNN achieved an accuracy of 97.40%, while the DNN 
model showed significantly lower performance at 31.41%. Transfer Learning 
outperformed the others, reaching a peak accuracy of 98.84%. The results 
underscore the potential of deep learning, particularly transfer learning, in 
automating disease identification processes in viticulture. Such AI-driven systems 
can enhance precision agriculture by enabling early detection and prompt 
intervention, ultimately contributing to improved crop yield and quality. 
Keywords: Deep Learning, CNN, DNN, Transfer Learning, Grape Disease 
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Introduction 
 

Agriculture remains a cornerstone of the global economy, with crop 
health playing a critical role in ensuring food security and sustainable 
production. In viticulture ‒ the cultivation of grapevines ‒ plant diseases pose 
a significant threat, potentially leading to substantial economic losses and 
reduced crop quality. Traditional methods of disease detection rely heavily 
on manual inspection by experts, which can be time-consuming, labor-
intensive, and prone to human error. As agricultural practices evolve toward 
greater efficiency and sustainability, the integration of advanced 
technologies such as artificial intelligence (AI) has emerged as a promising 
solution for modern farming challenges. 

In recent years, deep learning and image processing have gained 
considerable traction in agricultural research, particularly for their ability to 
automate and improve plant disease detection. By analyzing visual cues in 
leaf images, deep learning models can accurately identify and classify 
various plant diseases, enabling early diagnosis and timely intervention. 

This study explores the use of AI-powered image processing techniques 
to detect common diseases in grapevines ‒ specifically Black Rot, Esca 
(Black Measles), and Leaf Blight. Using a publicly available dataset from 
Kaggle, we developed and compared the performance of three deep learning 
models: Convolutional Neural Networks (CNN), Deep Neural Networks 
(DNN), and Transfer Learning [1,2]. These models were trained to 
distinguish between healthy and diseased grape leaves, with the goal of 
identifying the most effective approach for real-world application in 
precision agriculture. 

By evaluating each model’s classification accuracy and performance, this 
research aims to highlight the potential of AI-based systems to support 
farmers in monitoring crop health, reducing dependence on manual 
diagnosis, and ultimately enhancing agricultural productivity. 

 
 

Related Works 
 

The use of artificial intelligence and image processing in agriculture has 
gained significant attention in recent years, particularly for plant disease 
detection. Numerous studies have demonstrated the effectiveness of deep 
learning models in automating the classification of plant diseases from leaf 
images. 

Sladojevic et al. [16] introduced one of the early applications of 
Convolutional Neural Networks (CNNs) for plant disease recognition, 
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achieving high accuracy in classifying multiple diseases across different 
crops. Their work laid the groundwork for leveraging deep learning in 
agricultural diagnostics. Mohanty et al. [17] expanded on this by using a deep 
CNN architecture trained on the PlantVillage dataset, successfully 
identifying 26 diseases across 14 crop species, and demonstrating the 
model’s potential for generalization. 

In the specific context of grapevine disease detection, Brahimi et al. [18] 
applied deep learning methods to detect tomato diseases and highlighted the 
potential to extend similar techniques to other crops, including grapes. More 
recently, Ferentinos [19] evaluated CNNs on a range of crop diseases and 
reported accuracies exceeding 99% in some cases, reinforcing the suitability 
of CNNs for high-precision agricultural tasks. 

Transfer learning has also emerged as a powerful approach in plant 
disease classification, particularly when dataset sizes are limited. Too et al. 
[20] compared various pre-trained CNN architectures such as VGG16, 
ResNet50, and InceptionV3, demonstrating that transfer learning can achieve 
superior performance with reduced training time and data requirements. This 
is particularly relevant in agricultural contexts, where labeled datasets are 
often scarce or imbalanced. 

Convolutional Neural Networks (CNNs) have consistently proven to be 
effective in the field of plant disease detection. Smith et al. [4] demonstrated 
that CNNs are capable of accurately classifying a wide range of leaf diseases, 
highlighting their robustness in handling complex visual patterns in 
agricultural images. Additionally, transfer learning has emerged as a 
powerful technique to enhance model performance, especially when working 
with limited datasets. Patel et al. [5] showed that utilizing pre-trained models 
significantly improves classification accuracy in agricultural image 
processing tasks, making deep learning more accessible and efficient for 
real-world applications. In contrast, Deep Neural Networks (DNNs), while 
capable of handling large feature sets, often struggle to achieve the same 
level of performance in image-based tasks. Wang et al. [6] evaluated DNNs 
for plant pathology and identified notable limitations in their ability to 
accurately classify diseases compared to CNN-based architectures. 

These studies collectively affirm the viability of AI-driven techniques in 
automating plant disease detection. However, few have focused specifically 
on grapevine diseases, which can have unique visual symptoms and varying 
impacts on yield. This study contributes to the existing body of work by 
specifically evaluating CNN, DNN, and Transfer Learning approaches on 
grape leaf imagery, aiming to identify the most accurate and practical model 
for deployment in vineyard management systems. 
 

Copyright © FrancoAngeli 
This work is released under Creative Commons Attribution - Non-Commercial – 

No Derivatives License. For terms and conditions of usage please see: http://creativecommons.org



110 

Methodology 
 
1. Data Collection 

The dataset utilized in this study was sourced from Kaggle, a widely used 
online platform for machine learning datasets and competitions. It comprises 
a collection of high-resolution images of grapevine leaves, categorized into 
healthy samples and those affected by three common diseases: Black Rot, 
Esca (Black Measles), and Leaf Blight. This diverse set of images provides 
a reliable foundation for training deep learning models in disease 
classification tasks. 
2. Data Preprocessing 

To ensure consistency and optimize model performance, several 
preprocessing steps were applied to the dataset. All images were resized to a 
uniform dimension, facilitating batch processing and reducing computational 
load. Pixel values were normalized to a range between 0 and 1 to accelerate 
the convergence of training. Furthermore, data augmentation techniques ‒ 
including random rotation, horizontal flipping, and zooming ‒ were 
employed to artificially expand the training dataset and enhance the model’s 
robustness to variations in lighting, orientation, and scale. This step is critical 
in improving generalization and mitigating overfitting. 
3. Model Training 

Three distinct machine learning models were developed and trained for 
the classification of grapevine leaf images: 

● Convolutional Neural Network (CNN) 
The CNN [1,7] model was architected using a sequence of 
convolutional layers followed by max-pooling operations and fully 
connected dense layers. This design enables the model to effectively 
capture spatial hierarchies and local features within the images. The 
model was trained using the Adam optimization algorithm, with 
categorical cross-entropy used as the loss function, appropriate for 
multi-class classification. The CNN demonstrated strong feature 
extraction capabilities and high accuracy in disease detection. 

● Deep Neural Network (DNN) 
The DNN [3,6] architecture consisted solely of multiple fully 
connected (dense) layers. Rectified Linear Unit (ReLU) activation 
functions were applied across the hidden layers, while dropout 
regularization was incorporated to prevent overfitting. However, due 
to its lack of convolutional layers, the DNN struggled with extracting 
spatial features from image data. As a result, its performance was 
significantly lower compared to the CNN and transfer learning 
models. 
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● Transfer Learning Model 
The third model was developed using a transfer learning approach 
[2,8], leveraging pre-trained architectures such as ResNet or VGG16, 
originally trained on the ImageNet dataset. These models were fine-
tuned by replacing the top layers with custom fully connected layers 
tailored for grape disease classification. Transfer learning significantly 
reduced the training time and improved accuracy, benefiting from the 
extensive feature representations learned from large-scale datasets. 
This approach proved to be the most effective among the three models. 

4. Model Evaluation 
All models were evaluated using a reserved test set that was not seen 
during training. The evaluation metric used was classification 
accuracy, measuring the percentage of correctly predicted samples. 
The CNN model achieved an impressive accuracy of 97.40%, 
demonstrating its effectiveness in disease classification. In contrast, 
the DNN model performed poorly, achieving only 31.41% accuracy 
due to its limited capability in spatial feature extraction. The transfer 
learning model surpassed both, achieving the highest accuracy of 
98.84%, highlighting the advantage of utilizing pre-trained feature 
detectors in plant disease recognition tasks. 

 
 

Comparison of Algorithms Used for Testing 
 
This section provides a comparative analysis of three deep learning 

approaches ‒ Convolutional Neural Networks (CNNs), Deep Neural 
Networks (DNNs), and Transfer Learning ‒ used for grapevine disease 
detection through image classification. Each technique has its unique 
strengths and trade-offs. CNNs excel in handling image data due to their 
ability to learn spatial features, while DNNs offer architectural simplicity but 
lack spatial awareness. Transfer Learning stands out for its high accuracy 
and efficiency, particularly when working with limited datasets. 

 
1. Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) are particularly effective for 
image classification tasks due to their ability to learn and extract spatial 
hierarchies of features from image data [1], [7]. 

Advantages: 
● Automatic Feature Extraction: CNNs learn essential features like 

edges, textures, and shapes directly from the raw image, eliminating 
the need for manual feature engineering. 
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● Efficiency in Image Processing: By focusing on local patterns 
through convolutional layers, CNNs reduce the number of parameters, 
making them more efficient than traditional fully connected networks. 

● High Classification Accuracy: In this study, CNNs achieved an 
impressive 97.40% accuracy in classifying grapevine diseases, 
indicating strong pattern recognition capabilities. 

● Robustness to Variations: Due to convolution and pooling layers, 
CNNs are resilient to transformations such as rotation, scaling, and 
shifts in image position. 

Disadvantages: 
● Complex Architecture Design: Developing an optimal CNN requires 

tuning numerous hyperparameters such as filter size, depth, and stride, 
which demands significant domain expertise. 

● Computational Demands: CNNs typically require GPUs and high 
memory for training, especially with large-scale datasets. 

● High Data Requirements: A substantial amount of labeled data is 
necessary for training CNNs effectively. Without sufficient data, 
models are prone to overfitting, requiring regularization strategies like 
dropout or augmentation. 

 
2. Deep Neural Networks (DNNs) 

Deep Neural Networks are composed of multiple fully connected (dense) 
layers and are widely used in various machine learning applications. 
However, their architecture lacks the spatial awareness needed for image 
analysis [3], [6]. 

Advantages: 
● Versatility: DNNs are suitable for numerous tasks including 

regression, classification, and time-series forecasting. 
● Simplified Structure: Compared to CNNs, DNNs have a more 

straightforward architecture, which can be easier to implement and 
understand for basic applications. 

Disadvantages: 
● Inferior for Image Tasks: Since DNNs treat all input pixels equally 

and lack mechanisms to detect spatial patterns, their performance on 
image classification is poor ‒ as reflected by the 31.41% accuracy in 
this study. 

● Prone to Overfitting: When trained on small datasets without 
sufficient regularization, DNNs tend to memorize training data instead 
of generalizing. 
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● Lack of Spatial Feature Learning: DNNs do not have built-in layers 
for detecting image-specific features like edges or textures, severely 
limiting their image classification capabilities. 

 
3. Transfer Learning 
Transfer Learning involves using a pre-trained deep learning model (e.g., 

MobileNetV2, ResNet, or VGG16) and fine-tuning it for a specific 
application such as grapevine disease detection [2], [8]. 

Advantages: 
● Exceptional Performance: With a top accuracy of 98.84%, Transfer 

Learning yielded the best results in this study, highlighting its 
effectiveness in leveraging pre-learned visual features. 

● Reduced Training Time: Since the base model has already been 
trained on a large dataset (such as ImageNet), only the top layers need 
fine-tuning, which drastically shortens training time. 

● Resource Efficiency: Transfer Learning requires fewer data and 
computational resources compared to training a model from scratch. 

● Works Well with Small Datasets: Even with limited training 
samples, Transfer Learning models can generalize effectively due to 
their robust feature representations learned from vast datasets. 

Disadvantages: 
● Dependency on External Models: The success of Transfer Learning 

heavily depends on selecting an appropriate pre-trained model. If the 
source and target domains differ significantly, performance may 
degrade. 

● Limited Customization: Pre-trained architectures often restrict 
modifications, potentially limiting optimization for specific use cases. 

● Risk of Overfitting: If too many layers are fine-tuned without proper 
regularization, the model might overfit, especially when training data 
is scarce. 

 
 
Results and Discussion 
 

The results of this study clearly demonstrate that Convolutional Neural 
Networks (CNN) and Transfer Learning models significantly 
outperformed the Deep Neural Network (DNN) approach. The DNN model, 
which relies solely on fully connected layers, achieved a notably low 
accuracy of 31.41%, highlighting its inadequacy for extracting complex 
spatial features from image data. In contrast, the CNN model achieved 
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97.40% accuracy by leveraging convolutional layers capable of capturing 
detailed image patterns. 

Transfer Learning emerged as the most effective approach, achieving a 
top accuracy of 98.84%. This model leveraged pre-trained architectures such 
as MobileNetV2, which have already learned to extract robust visual features 
from large-scale datasets like ImageNet. Fine-tuning these pre-trained layers 
for the grape disease classification task proved to be highly beneficial, 
especially given the limited size of the available dataset. 
 

This study focused on the classification of three common grapevine 
diseases, each characterized by distinct visual symptoms: 
● Black Rot: Identified by circular brown lesions and black fungal fruiting 

bodies on the leaves. 
● Esca (Black Measles): Causes interveinal necrosis, leading to a “tiger-

stripe” pattern along with black streaks on the veins. 
● Leaf Blight: Typically presents as yellowing and browning at the leaf 

margins, often spreading inward. 
Accurate identification of these diseases through automated image 

classification can significantly improve early intervention and vineyard 
management. 

 
Figure 1 - Model Accuracy Comparison 
 

A bar graph (Figure 1) visually presents the performance comparison of 
the three machine learning models evaluated in this study: 
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● The x-axis represents the three model types: CNN, DNN, and Transfer 
Learning. 

● The y-axis shows the accuracy (%) of each model on the grape leaf 
classification task. 

Model Insights: 
● Transfer Learning (98.84%): Achieved the highest accuracy, 

demonstrating that utilizing pre-trained models is a highly effective 
strategy for image-based agricultural classification tasks, especially when 
data is limited. 

● CNN (97.40%): Also performed very well, showcasing the power of 
convolutional layers in capturing spatial features relevant to disease 
detection. 

● DNN (31.41%): Performed poorly, suggesting that fully connected layers 
alone lack the capacity to effectively process raw image data in this 
context. 

 
This visual comparison serves multiple key purposes: 
● Model Evaluation: Clearly illustrates which machine learning approach 

is most effective for grapevine disease detection. 
● Data-Driven Decision Making: Enables researchers and practitioners to 

choose the most suitable model based on performance. 
● Benchmarking and Progress Tracking: If used during different 

development stages, the graph can also help monitor improvements 
across training iterations or model adjustments. 

 
 

Proposal of Model for Grapevine Disease Detection 
 

This flowchart illustrates the overall process used in the study for 
detecting grapevine diseases using deep learning and image processing 
techniques. 
 
1. Dataset 

The process begins with a publicly available image dataset (from 
Kaggle), containing labeled grape leaf images in four categories: 
● Healthy. 
● Black Rot. 
● Esca (Black Measles). 
● Leaf Blight. 

These labeled images serve as input data for training and testing the 
machine learning models. 
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Figure 2 - Proposed model for grapevine disease detection 
 
2. Image Processing Techniques 

The dataset is fed into a suite of deep learning models designed to 
process and learn patterns from the leaf images. Three types of models are 
used: 
● Convolutional Neural Network (CNN): A popular deep learning model 

for image recognition, extracting spatial features from the leaf images. 
● Deep Neural Network (DNN): A more generic deep learning model with 

fully connected layers, though it performed poorly in this case. 
● Transfer Learning: Pre-trained models adapted for grapevine disease 

detection, which delivered the highest accuracy. 
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3. Model Evaluation 
Each model is evaluated on the same dataset to compare performance 

objectively. Key evaluation metrics (like accuracy) help determine the most 
effective model for disease classification. 
● CNN: 97.40% accuracy. 
● DNN: 31.41% accuracy. 
● Transfer Learning: 98.84% accuracy. 
 
4. Classification Output 

Based on the best-performing model, each grape leaf image is classified 
into one of the four categories: 
● Healthy. 
● Black Rot. 
● Esca (Black Measles). 
● Leaf Blight. 
 

This pipeline highlights how artificial intelligence, especially transfer 
learning, can significantly enhance precision agriculture by enabling 
accurate and automated identification of grapevine diseases, aiding in early 
intervention and crop health management. 
 
 
Conclusion and Future Works 
 

This project effectively demonstrated the potential of deep learning 
techniques in the automated classification of grapevine diseases. Among the 
models evaluated, Transfer Learning delivered the highest performance, 
achieving an impressive accuracy of 98.84%, followed closely by 
Convolutional Neural Networks (CNNs) with 97.40% accuracy. In 
contrast, the Deep Neural Network (DNN) performed poorly, with only 
31.41% accuracy, largely due to its limited capability in extracting spatial 
features from image data (as detailed in Table 1). 

The comparative analysis in Table 2 further emphasizes the strengths and 
weaknesses of each model. CNNs demonstrated strong image processing 
capabilities and high accuracy but required substantial computational 
resources and large datasets. Transfer Learning outperformed the other 
approaches, benefiting from pre-trained feature extractors, reduced training 
time, and the ability to generalize well with limited data. However, it also 
introduced certain limitations, such as restricted flexibility and dependence 
on existing models. Meanwhile, the DNN’s simple architecture was not well-
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suited for the complexities of image-based classification, leading to 
significant underperformance. 

 
 

Table 1 - Results from algorithm testing 
Model Training 

Process 
Accuracy 
(%) 

Saved Model Name Issues during Analysis 

CNN Training 
started... 
Training 
completed. 

97.40 grape_disease_model.
h5 

No issues 

DNN Training 
started... 
Training 
completed. 

31.41 grape_disease_dnn_m
odel.h5 

No issues 

Transfer 
Learning 

Training 
started... 
Training 
completed... 
Model 
evaluation... 

98.84 grape_disease_transfer
_model.h5 

Error: ‘tf’ not defined 
during analysis 

 
 
Table 2 - Comparison of algorithm performance 

Model Test 
Accuracy 
(%) 

Advantages Disadvantages 

CNN 97.40 - Strong at extracting 
image features 
- High accuracy 
- Efficient in handling 
spatial data 

- Requires large datasets 
- High computational cost 

DNN 31.41 - Simpler architecture 
- Versatile for many tasks 

- Poor feature extraction 
from images 
- Susceptible to overfitting 

Transfer 
Learning 

98.84 - Very high accuracy 
- Reduced training time 
- Performs well with 
small datasets 

- Limited flexibility 
- Dependency on pre-
trained models 
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