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Abstract: This paper proposes an intelligent vision-based system designed for the detection and classification 
of vine diseases using advanced deep learning methods. The proposed framework integrates YOLOv5 for rapid 
and accurate localization of diseased regions on vine leaves. The detected regions are subsequently classified 
using a tailored Convolutional Neural Network (CNN) architecture optimized for multi-class disease recognition. 
Evaluation tests show that the system achieves high detection precision and classification accuracy, 
demonstrating strong robustness under varying lighting conditions, leaf orientations, and background 
complexities. These results confirm the effectiveness of integrating YOLO-based detection with CNN-based 
classification, making the proposed approach a reliable and efficient tool for early diagnosis, monitoring, and 
management of vine diseases in precision agriculture. Moreover, the proposed system reduces manual 
inspection efforts and supports data-driven decision-making to enhance crop health and yield.  
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1. INTRODUCTION 
The rapid growth of precision agriculture 

has increased interest in vision-based plant-
disease detection. Classical image-process-
ing techniques, relying on thresholding, color 
indices, or hand-crafted features, often fail 
under field variability. Deep learning methods, 
especially CNNs and single-stage object 
detectors, now dominate due to their 
robustness in lesion localization and disease 
classification. Recent surveys show that deep 
models significantly outperform traditional 
approaches when trained on diverse and 
augmented datasets [1] [2]. 

Between 2021 and 2025, the literature 
reveals two strong directions. First, object-
detection models of the YOLO family have 
been widely employed and refined for plant-
disease recognition because they balance 
accuracy with real-time performance. Studies 
such as [3] [4] [5] show that adding attention 
mechanisms, inverted residual blocks, or 
lightweight necks to YOLOv5 yields higher 
mean average precision (mAP) for small or 
subtle lesions. Second, lightweight CNN 
architectures, especially MobileNet and its 
derivatives, have been demonstrated as 
accurate yet computationally efficient 
classifiers. Works like [2] propose 
enhancements to MobileNet V2 for crop 
disease identification, achieving improved 
recognition while keeping complexity low. 

Together, these advances confirm that fast 
detectors combined with efficient classifiers 
are highly effective for field-ready plant-
disease monitoring [6]. 

Additional strategies have been 
introduced in recent years to further increase 
robustness. They include the use of 
multispectral and hyperspectral imaging for 
early symptom identification, few-shot 
learning to address limited annotated data, 
and attention mechanisms to improve the 
discrimination between visually similar 
disease classes. For example, [7] 
demonstrated gains from multispectral data 
with deep learning, while [8] validated few-
shot techniques for low-data scenarios. Such 
contributions point to a broad consensus: high 
accuracy in the that field requires not only 
strong architectures but also strategies to 
handle scarce data and subtle visual cues. 

In this work, we present a two-stage 
approach combining YOLOv5 for lesion 
localization and a MobileNet-based CNN for 
disease classification. YOLOv5 identifies 
symptomatic regions on vine leaves, which 
are then cropped and passed to the CNN that 
assigns them to disease categories, or 
healthy. This design improves interpretability 
by isolating lesion regions, reduces 
background interference for the classifier, and 
allows the use of a lightweight model suitable 
for future edge deployment. On the curated 
dataset derived from our research, the method 
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achieves an average accuracy of 95%, with 
specific confusions (e.g., between Mildiou rot 
and Black rot) analyzed in detail. 

This paper contributes by developing a 
hybrid framework that leverages YOLOv5 for 
real-time detection of diseased vine leaves 
and CNNs for fine-grained disease 
classification. The main contributions are: 

- Development of a YOLOv5-based 
detection for vine leaf disease 
regions.  

- Design and training of a CNN 
classifier to distinguish among 
multiple disease categories.  

- Comprehensive evaluation on a 
curated dataset, demonstrating high 
accuracy and robustness. 

2. METHODOLOGY 
 A. YOLOv5 for Disease Detection 

YOLOv5 is adopted for real-time object 
detection due to its efficient architecture [9] 
[10]. Figure 1 shows the detection steps.  

 

Fig. 1 YOLOv5 detection steps. 
 

Images of vine leaves are annotated with 
bounding boxes around diseased regions. 
YOLOv5 is trained using transfer learning with 
data augmentation such as rotation, flipping, 
and color jittering. Detection performance is 
evaluated using mean Average Precision 
(mAP) and Intersection over Union (IoU) [11]. 
The model provides a fast and accurate 
solution for large-scale agricultural disease 
detection. 

B. CNN for Disease Classification 

Following detection, detected images of 
diseased regions are fed into a CNN for 
classification. The detected diseased leaf 
regions are processed by the CNN for 
classification [12] [13], as shown in Fig. 2. 

 

Fig. 2 CNN classification steps. 
 

The CNN architecture includes 
convolutional, pooling, and fully connected 
layers. Rectified Linear Unit (ReLU) 
activations and dropout layers are used to 
enhance learning and prevent overfitting [13]. 

The CNN is trained using categorical 
cross-entropy loss. Early stopping and 
learning rate adjustment help stable training 
[14], and the model outputs a probability 
distribution over the disease classes, with the 
predicted class selected based on the highest 
probability.  

 C. Performance Metrics 

To evaluate the effectiveness of the 
proposed classification system, we use 
common performance metrics that quantify 
how well the model distinguishes between 
different disease classes. 

Precision measures the proportion of 
correctly predicted positive cases out of all 
instances classified as positive. It reflects how 
accurate the model is when it predicts a 
particular disease class. The precision is 
calculated using the following equation [15]: 

=                  (1) 
Accuracy represents the overall 

correctness of the model, indicating the 
proportion of correctly classified images (both 
positive and negative) out of the total number 
of images. It provides a general measure of the 
model’s performance across all classes. The 
accuracy is calculated as follows [15]: 

=      (2) 

3. RESULTS AND DISCUSSION 
This section presents and discusses the 

obtained results, highlighting the system’s 
behavior across different classes and test 
conditions. The results correspond to the 
proposed intelligent vision-based system, 
which combines YOLOv5 for disease 
detection and a CNN for classification. 

 

Fig. 3 Detected disease region in vine leaf. 
 

Figure 3 illustrates the diseased region, 
providing a visual example of the model’s 
ability to accurately identify and localize the 
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target features. The highlighted regions show 
the areas of the leaf affected by disease, 
demonstrating how the YOLOv5 model 
effectively distinguishes diseased portions 
from healthy tissue. This visualization confirms 
the capability of the detection framework to 
accurately localize lesions, which are then 
processed by the CNN classifier for further 
categorization into specific disease classes. 

We conducted several tests to verify the 
accuracy of the proposed system. Below, we 
present the results of the first and final tests for 
the two most common disease classes (DM 
(Downy Mildew) and BR (Black Rot)), which 
were given more focus than the other two 
disease classes (LB (Leaf Blight) and PH 
(Phylloxera)), noting that the fifth class, H, 
represents healthy leaves.  

 Results of the First Test 

The first test was performed on a subset of 
the dataset, including 35 images of DM 
(Downy Mildew / Mildiou rot) and 28 images of 
BR (Black Rot).  

 

Fig. 4 First test Pred - Mildiou rot. 
 

 

Fig. 5 First test Pred - Black rot. 
 
Figures 4 and 5 present sample test 

images (35 and 28 images for DM and BR 
respectively), showing the predicted outputs, 
including the image label, predicted class, 
validation accuracy, and true class. 

To further illustrate the model’s 
performance, results of the two classes DM 
and BR are compared, highlighting key 
differences. The following table summarizes 
the learning outcomes obtained for these two 
classes, offering a comparative overview of 
their performance in terms of Precision, 
Accuracy, True Positives (TP), and False 
Positives (FP), and emphasizing the 
differences between them. 

Table 1   First test of DM and BR results. 
Class Images Precision Accuracy TP FP 

DM  35 77.1% 74.6% 27 8 
BR  28 65.5% 69.7% 19 10 

 

The intelligent vision-based system 
successfully identified the diseased regions in 
most cases, giving very satisfactory results 
considering the small number of images. 
These results provide a basis for evaluating 
the performance of the proposed system and 
for further development using a larger number 
of images to improve accuracy, as was done in 
the final test.   

Results of the Final Test 

The final test was conducted on a subset 
of the dataset, including 265 images of DM 
(Downy Mildew), 233 images of BR (Black 
Rot), 230 images of LB (Leaf Blight), 215 
images of PH (Phylloxera), and 244 images of 
H (Healthy). The focus was primarily on the 
two most prevalent disease classes, DM and 
BR, due to their higher impact on vines.  

 
Fig. 6 Confusion matrix of the classification model. 
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Figure 6 presents the confusion matrix of 

our model, which provides a detailed 
evaluation of its performance by showing the 
counts of true positives, true negatives, false 
positives, and false negatives. This matrix 
allows for a clear visualization of how well the 
model distinguishes between different disease 
classes, highlighting which classes are most 
accurately predicted and where misclassify-
cations occur. By analyzing these distributions, 
the confusion matrix offers valuable insights 
into the strengths and limitations of the model, 
guiding potential improvements in both 
detection and classification accuracy.  

 

Fig. 7 Final test Pred - Mildiou rot. 

 

Fig. 8 Final test Pred - Black rot. 
 

Figures 7 and 8 present examples of 
predicted images of Mildiou rot and Black rot, 
together with their corresponding labels, the 
predicted class, the validation accuracy, and 
the true class. 

The following table summarizes the 
learning outcomes obtained for the DM and 
BR classes, providing a comparative overview 

of their performance in terms of True Positives 
(TP), False Negatives (FN), False Positives 
(FP), and True Negatives (TN), while 
highlighting the differences between them. 
The total number of images considered for this 
evaluation was 1187. 

Table 2   Final test of DM and BR results. 
Class Images TP FN FP TN 

DM  265 212 53 0 922 
BR  233 233 0 56 898 

 

We obtained the performance metrics 
(Precision and Accuracy) for the DM and BR 
classes by applying equations (1) and (2). The 
following table illustrates these metrics, 
comparing the performance of the DM and BR 
disease classes and highlighting key 
differences (for 265 and 233 images, 
respectively). 

Table 3   Final test of DM and BR performances. 
Class Images Precision Accuracy 

DM  265 100% 95.5% 
BR  233 80.6% 95.2% 

 
The results show an average accuracy of 

95% in detecting disease samples. The 
classification accuracy exceeds 90% for all 
diseases, and in particular, for DM class, the 
classification precision even reaches 100%. 

According to the results presented in 
Tables 1, 2, and 3, we observe that the 
number of true positives and false positives 
depends directly on the detection accuracy. In 
fact, higher accuracy leads to a greater 
number of true positives. This accuracy is 
influenced by the number of training epochs 
as well as the quality of the images in the 
database. The proposed system is capable of 
processing both images and videos with a 
resolution of 416 pixels. 

4. CONCLUSION 
In this research, we developed a deep 

learning-based system for the detection and 
classification of vine diseases using YOLOv5 
and a CNN classifier. In the first part, YOLOv5 
was employed to detect diseased regions in 
vine images, demonstrating high efficiency 
and accuracy in localizing affected areas. In 
the second part, a CNN classifier was applied 
to categorize the detected regions, achieving 
reliable performance across multiple disease 
classes. Together, these models highlight the 
potential of deep learning techniques as 
powerful tools for precision agriculture, 
providing a solid foundation for developing 
more advanced and reliable systems for vine 
disease diagnosis. 
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The proposed model achieved the following 
performance metrics: 

- Overall accuracy: around 95%;  
- Average precision: around 93%; 
- Accuracy per class: exceeds 90% for 

all disease classes. 
 

As future work will focus on: 
- Evaluating the proposed model in real-

field conditions to assess robustness 
and generalization; 

- Expanding the dataset to include more 
images and additional disease types; 

- Optimizing the model for deployment 
on mobile devices first, followed by 
real-time integration into drone-based 
smart agriculture applications. 
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