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Grapevines are economically vital crops but are highly susceptible to fungal, bacterial, and viral diseases
that threaten yield and quality. Traditional detection methods that rely on manual inspection are time
consuming, prone to human error, and often delay intervention. This study introduces a lightweight
convolutional neural network (CNN) architecture specifically designed for accurately and efficiently
detecting grapevine leaf diseases including Black Rot, ESCA, and Leaf Blight based on image classifi-
cation. The proposed model integrates optimized residual blocks, batch normalization, dropout layers,
and global average pooling to maximize accuracy while minimizing computational complexity. This
lightweight design makes it well-suited for deployment on edge devices such as drones and mobile sys-
tems used in precision agriculture. A comprehensive data augmentation strategy was applied during
training to simulate real-world variability and enhance generalization. The model was trained using
9,027 labeled grape leaf images from a publicly available grape disease dataset, achieving 99.8% over-
all accuracy with near-perfect precision, recall, F1-score, and area under the ROC curve (AUC) across
all classes. To further validate its practical utility, we developed a cross-platform mobile application
that integrates the trained model for real-time inference. The app was tested using five grapevine leaf
images randomly obtained from Google, and all of them were correctly predicted. This preliminary
validation demonstrates the feasibility of using the system in real-world agricultural scenarios. These
findings highlight the practical potential of the proposed approach for real time, scalable, and sustain-
able disease monitoring in smart vineyard management systems.
Keywords: Deep Learning, Convolutional Neural Network , Grapevine Disease Detection, Smart Agriculture,
Residual Blocks.

1. INTRODUCTION

Ensuring food security remains a critical global priority due to
population growth and climate variability, especially considering the
increasing world population and the unpredictability of the effects of
climate change (Godfray et al., 2010). Sustainable agriculture prac-
tices are required to respond to these challenges, prompting new ap-
proaches to maximizing crop yield and quality while minimizing the
impact to environment. Intelligent agriculture driven by the utilization
of advanced artificial intelligence (AI), machine learning (ML), and
deep learning (DL) techniques fits in this scenario. Through the use
of smart (intelligent) systems, smart farming intends to maximize the
management of resources, monitoring of crop and early detection of
threats allowing higher productivity and sustainable nature of farms
(El-Kenawy et al., 2025; Islam et al., 2025). The economic impli-
cation of plant diseases to the food and feed/game production of the
world are formidable, with estimated annual losses ranging from 10%
to 16% of total crop production, translating into billions of dollars lost
worldwide.

Grapevines (Vitis vinifera) are one of the most economically im-

portant horticultural crops worldwide with multi-billion-dollar indus-
tries based on wine, fresh and dry fruit production. Despite their eco-
nomic relevance, grapevines are especially vulnerable to several dis-
eases induced by diverse pathogens, including fungus, bacteria, and
viruses. Major diseases such as Black Rot (Guignardia bidwellii),
ESCA, and Leaf Blight can cause significant reduction in grape yield,
low quality of fruits, and in worst cases lead to enormous economic
loss and total destruction of vineyard (Aher et al., 2025). Grapevine
disease identification is traditionally based on the visual manual in-
spection of the vines by agricultural specialists. However, this pro-
cess is by nature too much tedious, time-consuming, subjective and
error prone, which leads to the delay of the diagnosis beyond a critical
time for effective intervention (Elsherbiny, 2024). Impacts of delayed
diagnosis are severe with pathogen dissemination, further reinforcing
broad-spectrum pesticide dependence, and have growers experienc-
ing significant economic losses. It is therefore necessary to develop
rapid and automation approach for accurate diagnosis to promote the
sustainable development of the grape industry. most of the people
cannot have specialized treatment in time. Currently, the workflow is
largely based on visual and dermoscopic imaging followed by costly
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and invasive procedures (biopsies) that are read by human doctors.
These practices are not only laborious and resource intensive, they
are also largely subjective and may, therefore, vary greatly depending
on the proficiency and experience of the attending clinician (Malik et
al., 2024).

The emergence of digital image processing coupled with deep
learning methodologies has revolutionized plant pathology, offering
unprecedented opportunities for automated, rapid, and precise disease
detection (Shoaib et al., 2023). Specifically, CNN has shown excep-
tional performance in challenging image classification tasks. Thanks
to their natural capacity for automatically learning layered features
from raw pixel information (Gupta et al., 2023; Zhong et al., 2020).
This capability makes CNNs exceptionally well-suited for identifying
the subtle visual symptoms of plant diseases, even at their incipient
stages, which may be imperceptible to the unaided human eye.

This study introduces an innovative deep neural network frame-
work designed for the accurate and efficient diagnosis and monitoring
of common grapevine leaf diseases, specifically Black Rot, ESCA,
and Leaf Blight, alongside healthy specimens.Our study uses a pub-
licly available, comprehensive dataset of grape leaf photographs. We
introduce a tailored CNN framework that systematically integrates
a resilient residual block and employs a variety of data augmenta-
tion techniques. Residual connections are necessary to solve the van-
ishing gradient problem, which makes it easier to train deeper and
more complex networks while keeping feature information. Simulta-
neously, our comprehensive data augmentation strategy significantly
enhances the model’s generalisation capabilities by emulating the in-
herent variability found in real agricultural environments, thereby re-
ducing the risk of overfitting and increasing resilience to unforeseen
fluctuations (Khan et al., 2025). A comprehensive set of established
performance metrics, including overall accuracy, class-specific pre-
cision, recall (sensitivity), specificity, F1-score, and the Area Under
the Receiver Operating Characteristic Curve (AUC-ROC), is used to
carefully evaluate the proposed model’s effectiveness.

The following is a methodical outline of the main contributions of
this study:

• Development of a New and Robust Deep Learning Model: We
design and implement a custom-built CNN architecture, specif-
ically optimized with integrated residual blocks, for highly
robust multiclass classification of grapevine diseases directly
from leaf images. This architecture is uniquely tailored to
extract highly discriminative and subtle pathological features,
overcoming limitations of generic architectures.

• Comprehensive Data Handling and Enhancement with Ad-
vanced Augmentation: A meticulous data preprocessing
pipeline is established, encompassing image resizing, normal-
ization, and an extensive, biologically informed data augmen-
tation strategy. This rigorous approach is critical for enhanc-
ing model robustness, significantly improving generalization
across varied field conditions, and effectively addressing po-
tential class imbalances within the dataset, leading to more re-
silient models.

• Rigorous Performance Evaluation and Validation with High
Discriminatory Power: The proposed model’s effectiveness
was rigorously examined using an extensive set of both con-
ventional and advanced evaluation metrics. The empirical re-
sults consistently demonstrate superior classification accuracy
and exceptional discriminatory power Including all specified
illness classifications and the healthy category, validating its
practical utility and readiness for real-world deployment. The
near-perfect Area Under the Curve (AUC) scores highlight its
strong classification boundary.

• Deployment in a Cross-Platform Mobile Application for Real-
Time Execution: Bridging the gap between laboratory research
and real-world practice, the optimized lightweight CNN model
was converted using TensorFlow Lite and deployed within a
fully functional mobile application for both iOS and Android
platforms. This application enables real-time identification of
grapevine diseases directly in the field, providing farmers and
agricultural stakeholders with a convenient, portable, and ef-
fective decision-support tool.

The subsequent sections of this work are structured as follows.
Section 2 addresses pertinent literature. Section 3 delineates the ma-
terials and procedures, the proposed architecture, and the criteria em-
ployed for evaluation. Section 4 presents the experimental outcomes.
Section 5 evaluates and analyses findings, juxtaposes them with the
prevailing best practices, and identifies the limits of the study. Fi-
nally, Section 6 concludes the study and proposes avenues for future
research.

2. RELATEDWORK

In the field of agricultural image analysis, deep learning meth-
ods, particularly Convolutional Neural Networks (CNNs) (Z Tang
et al., 2020), have greatly improved disease detection of plants, of-
ten with high accuracy. Sophisticated CNN architectures (e.g., VG-
GNet, GoogLeNet, ResNet, and DenseNet) have been developed and
adopted by querying large image datasets and then refining on do-
main specific agricultural images for tasks such as leaf disease classi-
fication. Even with these advances, some challenges including small
datasets, class distribution imbalance and image artifacts still remain.

Recent studies have leveraged deep learning for plant disease de-
tection, achieving notable success on different grapevine leaf dis-
ease datasets. For example, Z Tang et al. (2020) have presented a
lightweight CNN model for grape disease identification, obtaining
an accuracy of 99.14% over a set of grape leaf images. Their ap-
proach was to design an efficient, mobile-friendly image model that
was compact and low-latency by leveraging the ShuffleNet architec-
tures along with a channel-wise attention model. Likewise, Liu et
al. (2020) developed an enhanced CNN called DICNN, utilizing In-
ception structures and dense connections. Their model achieved a
97.22% accuracy rate on a substantial dataset of synthetic grape leaf
images, highlighting the benefits of feature reuse and diverse feature
representation.

Some authors have considered alternative building alterations and
technologies. Thet et al. (2020) modified a VGG16 architecture by
using a Global Average Pooling (GAP) layer and obtained an 98.4%
accuracy when tested on a dataset of a Myanmar grapevine yard and
yielded superior results when compared with ordinary fully connected
layers and many more. Lin et al. (2022) introduced a CNN model
named GrapeNet, which is composed of residual feature fusion blocks
and attention modules, and obtained an accuracy of 86.29% on a
dataset for different symptom stages, demonstrating the significance
of feature fusion in modeling subtle inter-class differences.

More recently, Zinonos et al. (2022) demonstrated the fea-
sibility of identifying grape leaf diseases from low-resolution im-
ages transmitted over a LoRa network. Their fine-tuned ResNet50
model achieved up to 99.77% accuracy on images with no packet
loss. It maintained high accuracy even with significant image corrup-
tion, proving the robustness of CNNs in real-world, communication-
constrained scenarios.

Prasad et al. (2024) formulated a Deep Convolutional Neural
Network (DCNN) classifier based on the VGG16 architecture, which
they augmented with supplementary layers to elevate its performance.
Evaluated on a public Kaggle dataset, their model achieved a test ac-
curacy of 99.06%, with a precision of 0.99, a recall of 0.99, and an
F1-score of 0.99, demonstrating that a well-tuned, deeper architec-
ture can achieve high precision in classifying grape leaf diseases. Our
work introduces a custom-designed deep CNN for detecting Black
Rot, ESCA, and Leaf Blight in grapevines. Our model, which in-
tegrates residual blocks, and a novel stage-wise progressive training
and advanced data augmentation, was tested on a public grape leaf im-
age dataset. The classifier attained an outstanding accuracy of 99.8%,
along with almost perfect precision, recall, and F1-measure for all dis-
ease classes. This result is better than many of the above mentioned
modern methods, showing the importance of a customized architec-
ture integrated with a flexible data processing pipeline for this specific
task.

Recent studies continue to advance the field of grapevine disease
detection through novel deep learning architectures. For instance, Zir-
ije Hasani et al. (2025) explored various deep learning models and
found that a Transfer Learning approach achieved a high accuracy
of 98.84% for classifying grape leaf diseases, outperforming their
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custom CNN and DNN models. Hu et al. (2025) proposed GCS-
YOLO, a lightweight model based on YOLOv8, which achieved a
mean average precision of 96.2% for grape leaf disease detection
while maintaining a small model size of 3.5 MB, making it suitable
for deployment on edge devices. Furthermore, Zhang et al. (2024)
introduced DLVTNet, a lightweight model that combines CNN and
Transformer structures, achieving an average recognition accuracy
of 98.48%. These studies underscore the trend towards developing
lightweight and efficient models for real-world applications.

Other scholars have investigated hybrid models that integrate con-
ventional machine learning classifiers with the feature extraction ca-
pabilities of deep learning. For example, Saberi Anari (2022) intro-
duced a hybrid approach where features extracted with a modified di-
lated ResNet-18 were classified using an ensemble of Support Vector
Machines (SVMs), achieving 99.1% accuracy. Such studies highlight
the strong potential of combining deep learning and machine learning
techniques for plant disease classification.

Although previous studies have achieved remarkable results in
grapevine disease detection using CNNs and hybrid models, several
challenges remain. Many existing approaches are either computation-
ally intensive, lack robustness, or are unsuitable for real-time deploy-

ment on resource-constrained devices. Lightweight models, while ef-
ficient, often compromise accuracy or struggle with class imbalance
and image artifacts, and hybrid models combining deep learning with
traditional classifiers remain impractical for mobile or edge use. To
address these limitations, we propose a custom-designed CNN that
builds on the strengths of prior architectures by integrating residual
blocks and advanced data augmentation, achieving a state-of-the-art
accuracy of 99.8% while remaining lightweight and efficient. The
model has been fully deployed in a cross-platform mobile application
(Android and iOS), demonstrating its real-time usability, robustness,
and practical readiness for agricultural applications.

3. MATERIALS AND METHODS

The current study presents comprehensive methodologies for
the classification of grapevine diseases utilising leaf images. The
methodology includes characterising the dataset, carefully preparing
and adding to the data, designing the architecture of the proposed
deep neural network, and performance assessment metrics employed
to evaluate the model’s efficacy. The subsequent subsections furnish
detailed descriptions of each sequential step depicted in Figure 1.

Figure 1: Overarching methodology pursued in this study for classifying grape diseases from leaf images.

Dataset Description:
The experiments in this study were conducted using a publicly

accessible dataset sourced from the Kaggle platform (Mandal, 2023).
The Grape Disease Dataset (Original) was compiled by researchers
specializing in agricultural computer vision and plant pathology, with
their effort aimed at establishing a comprehensive, high-quality repos-
itory of grape leaf images to support the development and evaluation
of deep learning models in precision agriculture and plant disease de-
tection. This collection holds 9,027 grape leaf images distributed
among four classes: three disease types (Black Rot, ESCA/Black
Measles, Leaf Blight) and one healthy category, with the distribution
detailed in Table 1 and examples shown in Figure 2. The original
images vary in resolution and are stored in standard formats (JPEG,
PNG). The disease classifications are based on expert agricultural and
psychopathological assessment, ensuring diagnostic accuracy. Im-
ages were captured under diverse field conditions and lighting scenar-
ios, representing natural variability in grape cultivation environments,
leaf maturity stages, and disease progression severity.

Figure 2: Overarching methodology pursued in this study for classi-
fying grape diseases from leaf images.
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Table 1: Distribution of grape leaf images across different disease classes and the healthy category in the Dataset.
Class Name Category Code No. of Samples Percentage %
Black Rot br 2,360 26.14
ESCA esca 2,400 26.59
Healthy hlth 2,115 23.43
Leaf Blight lb 2,152 23.84
Total number of samples 9,027 100

Data Preparation:
The input photos were standardised to 224x224 pixels to guaran-

tee equal spatial dimensions across the dataset, facilitating consistent
input for the deep learning model. Subsequently, normalisation of
picture pixel values was executed, an essential preprocessing measure
for improving numerical stability and expediting the convergence of
the training process. Pixel values, initially spanning from 0 to 255 in
conventional 8-bit pictures, were normalised to the interval [0, 1] by
dividing each pixel value by 255.0. This method of Min-Max normal-
isation guarantees that all input features retain a uniform scale, which
is crucial for the robust and efficient training of convolutional neural
networks.

The normalized leaf images were then randomly partitioned into
three independent sets: training, validation, and testing, as shown in
Table 2. This was done to assess the effectiveness of the proposed
models for grape disease classification. The data splitting strategy
first divided the Dataset into training and testing subsets with a ratio
of 70%:30%. From the test subset, a portion equivalent to 50% of the
total test subset was subsequently set aside for validation, yielding a
total distribution of 70% for training, 15% for validation, and 15% for
testing.
Table 2: Distribution of images across training, validation, and test
sets before data augmentation, showing the number of samples for
each disease type.

Type of diseases br esca hlth lb
Training 1,652 1,680 1,480 1,506
Validation 354 360 317 323
Testing 354 360 318 323

Data Augmentation:
A comprehensive data augmentation strategy was meticulously

implemented to significantly improve the model’s robustness, and
its generalization capability to real world variations, and effectively
address potential class imbalance within the Dataset. This strategy
was exclusively applied during the training phase. The augmentation
pipeline was carefully designed to simulate diverse real world imag-
ing conditions of grape leaves while preserving the critical diagnostic
features relevant to each disease class. The specific transformations
applied as part of this augmentation strategy are detailed in Table 3,
encompassing geometric and photometric modifications, as well as
boundary handling techniques, to enrich the variability of the training
data and prevent overfitting.

All augmentation parameters were carefully selected to main-
tain biological plausibility and avoid generating unrealistic or non-
diagnostic images, while maximizing the training data’s diversity.

Crucially, it should be noted that no augmentation was applied to the
validation and testing datasets. This ensures an unbiased and accurate
evaluation of the model’s real generalization performance on data di-
rectly reflecting real world, untouched conditions.

Figure 3: Data Augmentation Techniques Applied to Grape Leaf Dis-
ease Classification Dataset.

Proposed Method:
The cornerstone of this study is the development of a new CNN

architecture, specifically engineered for robust and highly accurate
classification of grapevine diseases directly from leaf images. The
proposed architecture, meticulously detailed in Figure 4, synergis-
tically combines conventional convolutional layers with advanced
residual blocks. This structural design efficiently recovers hierarchi-
cal picture information and addresses common challenges such as the
vanishing gradient problem, which often hinders the training of deep
neural networks.

The proposed CNN architecture is designed to efficiently pro-
cess input images with 224×224 pixels and 3 color channels (RGB)
standardized dimensions. The network’s design comprises several
strategically integrated key components, balancing computational ef-
ficiency with high feature learning capacity.

Input Layer: The network starts with an input layer that can take
images with a 224×224x3 size. This normalization allows for consis-
tent ingestion that may be further analyzed.

Table 3: Data Augmentation Techniques Applied to Grape Leaf Images.
Category Transformation Description

Geometric
Rotation ±30◦ random rotation to simulate varied orientations.
Shift (X & Y) Up to 20% image shift to vary leaf position.
Zoom ±30% zoom to simulate distance variation.
Flip (H & V) Random horizontal and vertical flips to reduce bias.

Photometric Brightness 70%–130% brightness variation to mimic lighting changes.
Shear Up to 20% shear to simulate angled views.

Boundary Handling Fill Mode ’Nearest’ pixel fills to maintain image consistency after transformation.
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Figure 4: Architecture of the proposed DNN for grapevine disease detection.

First Set of Convolutional Blocks (Conv Block 1.1 & Conv Block
1.2): The input image simultaneously undergoes feature extraction
through two Conv2D paths with 64 filters of dimensions 3×3. After
each Conv2D operation is performed, it applies a Batch Normaliza-
tion layer to stabilize and speed up the training process and a ReLU
activation function to introduce non-linearity. These first blocks take
care of the most basic low-level features of the input images, e.g.,
edges and textures.

A Max-pooling layer with a 2x2 window is used to decrease the
spatial size of the featuremaps after each convolutional block, and this
same layer is applied again following every residual block. This layer
forwards down-samples the featuremaps, sightly decreasing their spa-
tial dimension. This is important for simplifying the computation and
obtaining a more abstract, sparse, and robust feature representation,
which further makes the model to be more invariant to small shifts
and distortions of input images.

Residual Blocks (Residual Block 2, Residual Block 3): The core
of our network lies in two stacked Residual Blocks, which are derived
from the ResNet architecture. These are vital for enabling the training
of deep networks because they help alleviate the vanishing gradient
problem. By stacking two consecutive Conv2D layers with 128 filters
each, both followed by Batch Normalization and ReLU activation and
a ”skip connection” where the input is directly added to the output, a
residual block provides a good flow of gradients Residual Block2 con-
sists of two sequential Conv2D layers with 128 filters each followed
by Batch Normalization and ReLU activation. This enables it to learn
a more complex set of features, including pairs of textures and shapes
that signal disease. Residual Block 3 is conceptually the same except
that it has 256 filters of size 3X3 in each of Conv2D layers. This
enables the block to learn an even richer hierarchical feature set at a
more abstract level and improves the power of the block to distinguish
minor disease characteristics.

Global Average Pooling LayerFollowing the last Max Pooling
layer, a Global Average Pooling layer creates a 256-dimensional vec-
tor representing the salient features. This layer’s number of param-
eters is much smaller than that of traditional fully connected layers,
avoids overfitting to some extent, and results in higher robustness.

Dense Blocks (Dense Block 1 & Dense Block 2): The 256-D fea-
ture vector is passed through two fully connected (Dense) blocks for
classification. A Dense layer with 512 units is used for Dense Block
1 with Batch Normalization, ReLU activation, and a Dropout with a
rate of 0.5. Dense Block 2 has similar architecture and consists of
Dense layer of 256 units, Batch Normalization, ReLU activation and

a Dropout layer of rate 0.5. These layers provide interpretation of the
learned features and their mapping to class probabilities with addi-
tional Dropout technique serves as a strong regularizer for mitigating
the risk of overfitting enhancing generalization.

Output Layer: The final layer of the network is a Dense layer
which consists of 4 units and applicable to the four classes of the
grapevine leaf status (Black Rot, ESCA, Healthy, Leaf Blight). The
raw output scores are transformed into aprobability distribution us-
ing a SoftMax activation function, with the most probable class being
selected as the model’s prediction.

This meticulously crafted architecture synergistically leverages
the strengths of CNNs for efficient hierarchical feature extraction and
the robustness conferred by residual connections for training deeper
models effectively. The comprehensive design, coupled with strate-
gic regularization (Batch Normalization and Dropout), achieves high
accuracy, robust generalization, and reliable performance in the chal-
lenging domain of grapevine disease detection while maintaining a
reasonable computational footprint.

4. RESULT

This section presents a general and complete analysis of all the
experimental evidences achieved from training and testing the pro-
posed deep neural network for grapevine disease classification.

Experimental Setup:

A controlled experimental protocol was thoroughly fixed in or-
der to perform a rigorous and reproducible assessment of the proposed
deep learning model. This arrangement comprised the description of
critical hyperparameters, training parameters, data splitting methods.
necessary for training and evaluating models. These hyperparameters
were chosen from the best practices in deep learning related research
and were usually tuned according to empirical observations for better
performance.
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Table 4: Hyperparameters used during training.
Hyperparameter Value
Input Image Size 224 × 224
Learning Rate (Initial) 1e-3 (0.001)
Minimum Learning Rate 1e-7 (0.0000001)
Batch Size 32
Optimizer Adam
Momentum (β1) 0.9
Momentum (β2) 0.999
Optimizer Epsilon 1.00E-07
Epochs 50
Loss Function Categorical Cross-Entropy
Early Stopping Patience 10 epochs
ReduceLROnPlateau Patience 5 epochs
Data Split 70% train, 15% valid, 15% test
Random State 42

Performance Evaluation Metrics:

To thoroughly assess the performance and reliability of our deep
learning model for grape leaf analysis, we used a wide array of es-
tablished metrics suited for multi-class classification. This evaluation
was based on calculating the overall accuracy, class-specific preci-
sion, recall (sensitivity), specificity, and the F1-score. These metrics
are calculated using common mathematical equations from Eqs. (1)
through (5), respectively:

Accuracy =

∑n
i=1 TPi + TNi∑n

i=1(TPi + FPi + TNi + FNi)

=
Total Correct Predictions

Total Predictions

(1)

Precisioni =
TPi

TPi + FPi
(2)

Recalli = Sensitivityi =
TPi

TPi + FNi
(3)

Specificityi =
TNi

TNi + FPi
(4)

F1-Scorei =
2× Precisioni × Recalli
Precisioni + Recalli

(5)
In addition to these discrete scores, we employed the Area Under

the Receiver OperatingCharacteristic (ROC) curve (AUC) as a crucial
continuous metric. An ROC curve graphically represents a model’s
performance by plotting the true positive rate (TPR) against the false
positive rate (FPR) across all classification thresholds. The result-
ing AUC value is highly informative because it reflects the model’s
overall capability to distinguish between classes, independent of any
single threshold choice.

Training and Validation Performance:

As shown in Figure 5, the convergence of both the training and
validation curves is smooth and steady, which indicates that the model
learned features effectively and generalized well. On the left, train-
ing accuracy rapidly rises toward a near-perfect 1.00, while validation
accuracy steadily climbs and levels off around 0.98 after roughly 20
epochs, the the consistently small gap between training and valida-
tion accuracy indicates that the model generalized well without signs
of overfitting. On the right, training and validation loss start relatively
high as is typical in early training then sharply decrease and converge
toward zero, signifying that the model makes almost no errors on seen
data and maintains a very low error rate on unseen validation images.
The stable, parallel trajectory of these curves highlights a consistent
training process and validates the chosen hyperparameters and regu-
larization methods, confirming the model’s capacity to generalize to
new data.

Figure 5: Evolution of the training and validation accuracy, along-
side their corresponding loss curves, across the training duration.

Performance Analysis:

For a detailed evaluation of each class (Black Rot, ESCA, Leaf
Blight, and Healthy), we calculated the specific precision, recall,
and F1-score. These metrics provide a deeper understanding of the
model’s ability to correctly identify positive cases (precision) while
also capturing all actual positives (recall). Figure 6 visually displays
these crucial performance metrics for each class on the independent
test dataset.

Figure 6: Performance Metrics (Precision, Recall, F1-Score) by
Class, demonstrating high and balanced classification across all cate-
gories on the test set.

Figure 6 illustrates that the suggested model exhibits outstanding
and equitable performance across all four separate categories. The
precision, recall, and F1-score for each class are repeatedly seen to be
exceptionally high, nearing unity (1.000).

These outstanding results robustly indicate that the model pos-
sesses an exceptionally high degree of accuracy in its positive pre-
dictions (reflected by high precision scores) and is highly effective
in comprehensively identifying all relevant instances for each class
(demonstrated by high recall scores). The constantly elevated F1-
scores, indicative of the harmonicmean of precision and recall, further
validate the model’s general robustness, equilibrium, and dependabil-
ity across all categories. The negligible variation noted in these scores
among the various classes strongly indicates that the model is not bi-
assed towards any specific class, an essential attribute for practical
agricultural applications where the precise and timely identification
of all disease types is equally vital, irrespective of their frequency in
the dataset.

Confusion Matrix Analysis:

The confusion matrix is a valuable tool that offers an in-depth
study of a classifier’s predictions, outlining true positives, false posi-
tives, true negatives, and false negatives. It offers a detailed, cell-by-
cell evaluation of the proposed model’s efficacy, highlighting the sites
of misclassifications. Figure 7 illustrates the confusion matrix for the
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proposed model, based on its predictions from the independent test
dataset.

Figure 7: ConfusionMatrix of classification results on the test datase-
Limitations and Future Work.

The confusion matrix in Figure 7 visually and quantitatively con-
firms the exceptionally high accuracy of the proposed model, with the
diagonal elements representing correctly classified instances for each
class being overwhelmingly dominant across all categories. Specif-
ically, for Black Rot, 353 instances were correctly classified, with
only a single misclassification as ESCA. ESCA and Leaf Blight both
achieved perfect classification, with all 360 and 323 instances cor-
rectly identified, respectively. For the Healthy class, 317 instances
were accurately classified, with only one misclassified as Leaf Blight.
These results show very low elements outside of the diagonal, mean-
ing few false positives and negatives. Achieving this level of clas-
sification precision is vital in agriculture. A minimal incidence of
erroneous positives helps avoid the needless application of pesti-
cides, which in turn protects the environment and reduces operational
costs. Similarly, a low rate of false negatives ensures that diseases are
caught early, allowing for timely treatment to protect crop yields. The
model’s excellent ability to differentiate subtle disease symptoms em-
phasizes its applicability of being reliable and robust under real world
smart agriculture systems.

Analysis of ROC Curves and AUC:

The ROC and AUC are very important tools for a full evalua-
tion of the model’s classification accuracy because they measure how
well it can tell the difference between classes at all possible thresh-
olds. In one picture, Figure 8 illustrates the ROC curves for each class
alongside the microaverage curve, indicating the model’s efficacy in
distinguishing between them.

Figure 8: Class-wise and Micro-Average ROC Curves showing
model performance.

Figure 8 presents the individual and micro-average ROC analy-
ses for the four classes Black Rot, ESCA, Healthy, and Leaf Blight
demonstrating the model’s exceptional discriminatory power. The
graph on the left demonstrates that each class-specific ROC curve
is positioned close to the top-left corner. This positioning signifies
a very high true positive rate and a near-zero false positive rate, re-
sulting in a perfect AUC score of 1.000 for each category and in-
dicating flawless class separation. On the right, the micro‑average
ROC curve aggregates true and false positives across all classes,
follows the top‑left boundary, and yields a Micro‑average AUC of
1.000. Together, these results underscore the proposed model’s ro-
bust, near‑perfect ability to identify and differentiate grapevine leaf
conditions, validating its reliability for practical applications in smart
agriculture.

Grad-CAM visualization:

To guarantee that our proposed model predicts using pertinent
features, we utilised Gradient-weighted Class Activation Mapping
(Grad-CAM), a method that offers a visual elucidation of the model’s
decision-making process by producing heatmaps that emphasise the
most significant areas in input images for particular predictions. Un-
derstanding why the model classifies a leaf in a certain way is crucial
for building trust and verifying that it has learned correct pathological
features rather than relying on irrelevant background artifacts. Fig-
ure 9 presents the Grad-CAM visualization for Black rot classifica-
tion, showing the source specimen, class activation map, and patho-
logical analysis with 99.92% confidence, where warmer colors like
red and yellow in the heatmap indicate high importance regions over-
laid on the original image. The analysis reveals that for Black rot,
the heatmap correctly localizes the dark, circular lesions character-
istic of the disease, with the model’s attention concentrated directly
on the symptomatic areas, confirming it has learned to identify these
specific visual cues rather than background artifacts. The visualiza-
tion demonstrates that the model focuses precisely on the pathological
features the distinctive brown, circular spots scattered across the leaf
surface that are the primary indicators of Black rot disease. In sum-
mary, the Grad-CAM results demonstrate that the trained model is
not a ”black box” but has successfully learned to identify and localize
relevant, disease-specific features, providing high interpretability that
increases trust in the model’s predictive accuracy and its potential for
reliable, real world deployment in smart agriculture.

Figure 9: Grad-CAM visualization.
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Mobile Application Design And Development:
To further examine the generalizability and practicality of the pro-

posed CNN model beyond offline testing, a dedicated mobile appli-
cation named Grape was developed for real-time grapevine disease
detection in vineyard environments. The app was designed as part of
an end-to-end deployment pipeline, enabling direct evaluation of the
model under realistic agricultural conditions.

Figure 10: End-to-EndDeployment Pipeline FromResearch To Field
App.

The deployment process began with model conversion, where the
trained CNN model was exported into TensorFlow Lite format using
the tf.lite.TFLiteConverter framework. This lightweight representa-
tion significantly reduced model size and optimized inference speed
while preserving classification accuracy, making it suitable for exe-
cution on resource-limited mobile devices.

Following model optimization, the application was implemented
using Flutter and Dart to ensure cross-platform compatibility. The
mobile app integrates a camera interface that allows farmers and spe-
cialists to capture grapevine leaf images directly in the field. Once an
image is captured, the TensorFlow Lite model performs on-device in-
ference to classify the leaf as healthy or affected by Black Rot, ESCA,
or Leaf Blight. The results are immediately displayed on the screen
along with additional information describing disease symptoms and
suggested management practices, thereby providing instant decision
support to end users.

To validate the app in practice, we randomly obtained five
grapevine leaf images from Google and tested the mobile applica-
tion on them, as shown in Figure 11. The app correctly predicted the

disease status for all five samples, further confirming the robustness
of the model when applied to real world images outside the training
dataset. This preliminary experiment demonstrated the capability of
the mobile deployment to maintain the accuracy of the original model
even under variable conditions and sources.

The application was deployed on both Android and iOS devices
to maximize accessibility. To further improve usability for the tar-
get community, the interface was designed with simple navigation
and support for local languages. Figure 10 presents screenshots of
themobile application, demonstrating its key functionalities including
image acquisition, automated classification, and disease information
display.

Figure 11: Google Images as Tested by Mobile Application.

5. DISCUSSION

Discussion of Results:

An ablation study was systematically carried out to isolate and
quantify the contribution of each primary component to our network’s
superior performance. This analysis involves selectively removing
specific architectural elements or data processing techniques from the
full model and evaluating the resulting performance degradation. This
analysis highlights that the combined use of residual blocks, data aug-
mentation, batch normalization, and dropout layers was crucial for
attaining the reported accuracy and robustness, with dropout layers
playing an indispensable role rather than a coincidental one. The find-
ings of this ablation study are detailed in Table 5, which illustrates
how the removal of specific components affected the model’s accu-
racy, precision, recall, and F1-score.

Table 5: Results of the ablation study demonstrating the impact of removing or modifying key components on the model’s performance
metrics.
Experiment Setup Removed Compo-

nent(s)
Accuracy (%) Precision Recall F1-Score Observation / Impact

Baseline (Full
Model)

None (original
model)

0.998 0.997 0.997 0.996 Highest performance, stable train-
ing/validation.

Without Residual
Blocks

Residual Blocks 2
and 3

0.984 0.984 0.983 0.983 Notable accuracy drop indicates the
importance of residual connections
for robust feature learning in deeper
networks.

Without Data Aug-
mentation

All augmentation
techniques

0.986 0.986 0.986 0.986 Performance decrease, suggesting in-
creased overfitting and reduced gen-
eralization to unseen data without di-
verse augmentation.

SGD optimizer Replaced with
Adam

0.792 0.8466 0.8013 0.792 Substantial performance drop indi-
cates Adam’s superiority for this task
and faster convergence.

Batch Normaliza-
tion (Batch 64)

Changed from 32 to
64

0.9918 0.991 0.992 0.991 Slight performance decrease com-
pared to optimal batch size (32), in-
dicating sensitivity to batch size for
peak performance.
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The experimental results confirm the proposed deep neural net-
work’s outstanding performance in classifying grapevine diseases.
Themodel exhibited high accuracy, with rapid and stable convergence
of the training and validation curves. It effectively learned distinc-
tive pathological features while generalizing remarkably well to un-
seen data. The small gap between training and validation performance
demonstrates the efficacy of the integrated regularization techniques
specifically batch normalization and dropout and the comprehensive
data augmentation strategy in supporting strong generalization.

The model demonstrated strong and consistent performance
across every category, attaining nearly perfect precision, recall, and
F1-scores (close to 1.000) for the Black Rot, ESCA, Leaf Blight, and
healthy classes. This consistency is critical for real world deployment,
ensuring reliable differentiation between diseased and healthy leaves.

Analysis of the confusion matrix revealed exceptionally few
misclassifications, underscoring the model’s potent discriminatory
power. The extremely low rates of false positives and negatives are vi-
tal for agricultural applications; they help prevent unnecessary pesti-
cide use while ensuring timely disease detection to mitigate crop loss,
promoting sustainable and cost-effective practices.

Finally, the perfect Area Under the ROC Curve (AUC) scores of
1.000 for all classes signify an ideal capacity to separate the different
leaf conditions within this Dataset. This result confirms the model’s
robust classification ability and establishes the high reliability of its
predictions for use in autonomous smart agriculture systems.

Comparative Analysis with State-of-the-Art:
To benchmark the efficacy of our proposed model, its perfor-

mance is compared against several recent state-of-the-art approaches
in grapevine disease detection. While direct comparisons can be chal-
lenging due to variations in datasets, computational environments,
and specific disease types, Table 6 provides a summarized overview
of our model’s performance about published works.

As evident from Table 6, our proposed model consistently
achieves superior performance metrics, particularly in overall accu-
racy and AUC, compared to other robust deep learning approaches
in similar contexts. This exceptional performance can be attributed to
the combined strength of our custom residual CNN architecture’s abil-
ity to effectively extract nuanced, deep features and the sophisticated,
biologically informed data augmentation strategy, which collectively
enhance generalization and ensure robust performance. Many com-
parative studies rely solely on transfer learning from pre-trained Im-
ageNet models with less tailored augmentation or simpler architec-
tures. This may not capture the specific pathological nuances and
inter-class differences as effectively as our bespoke design. The
highly consistent metrics across all classes also indicate a robust and
unbiased classification ability, which is critical for practical deploy-
ment. This research offers a highly robust, accurate and dependable
automated approach for the diagnosis of grapevine diseases, paving
a significant pathway towards more efficient, sustainable, and proac-
tive vineyard management practices, ultimately benefiting crop yield
and quality globally.

While the proposed model achieves near-perfect accuracy, preci-
sion, recall, and F1-scores, it is important to note that these results

are based on a single public dataset. Thus, there is still risk of over-
fitting, where the model may capture dataset-specific features rather
than generalizable disease indicators. Although augmentation and
regularization were employed to mitigate this risk, broader validation
using multiple datasets, field-collected images, and cross-validation
remains necessary to ensure real-world reliability.

Limitations and Future Work:
The study’s dependence on a single public dataset and a fixed

train/validation/test split restricts its generalizability. To overcome
this, comprehensive k-fold cross-validation (both 5 and 10-fold) will
be carried out, along with formal statistical analyses (e.g., McNe-
mar’s test or bootstrap hypothesis testing) when comparing models.
Broader generalization will be assessed using multiple independent
public datasets, as well as field-collected images that reflect a va-
riety of cultivars, imaging devices, and environmental conditions,
with per-class performance measured under domain shifts. Differ-
ent foreground-segmentation methods (such as color-threshold mask-
ing, GrabCut, and learned models like U-Net or Mask R-CNN) will
be tested, and ablation studies will evaluate the role of background re-
moval. To address dataset bias, domain-adaptation and synthetic-data
approaches (adversarial domain adaptation, style transfer, and GAN-
based augmentation) will be explored. Furthermore, uncertainty es-
timation (via MC-dropout and deep ensembles) and interpretability
techniques (Grad-CAM, SHAP) will be included to enhance relia-
bility. Finally, model optimization strategies (pruning, quantization,
knowledge distillation) will be examined for use on resource-limited
devices, with latency and memory usage reported on representative
edge hardware.

6. CONCLUSION

Fungal infections are a major and expanding global health con-
cern, because of their diversity, changing pathogenic patterns, and
growing resistance to existing antifungal therapies. To improve diag-
nosis, treatment, and prevention strategies, a thorough understanding
of fungal biology, virulence factors, and host interactions is essen-
tial. Advances in antifungal drugs, vaccines, and diagnostic tools of-
fer promising directions. Vaccines could be an effective approach to
reduce the impact of fungal diseases but complex fungal biology, im-
mune response against fungal infections, diagnostic barriers and sim-
ilarity to human host are current challenges in development of fun-
gal vaccines. So, there is a dire need to work on emerging fungal
pathogens, resistance patterns, and development of diagnostic tools.
Scientists must use different approaches to develop fungal vaccines
particularly against diseases having high burden and mortality, keep-
ing in view the challenges associated with fungal vaccines to lessen
the burden of medical mycology.
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Table 6: Comparative analysis of the proposed model’s performance against recent state-of-the-art plant and grapevine disease detection
methods.

Author (Year) Model/Approach Accuracy (%) F1-score Recall Precision
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(Liu et al., 2020) DICNN (Inception & Dense Connectivity) 97.22 97.20 97.19 97.21
(Lin et al., 2022) GrapeNet 86.29 79.05 88.43 77.7
(Zinonos et al., 2022) Fine-tuned ResNet50 with LoRa 99.77 98.5 98.5 98.5
(Thet et al., 2020) Fine-tuned VGG16 with GAP 98.4 98.4 98.4 98.4
(Prasad et al., 2024) DCNN Classifier (VGG16-based) 99.06 98.8 99.3 99.0
(Zhang et al., 2024) DLVTNet 98.48 98.49 98.48 98.51
(Zirije Hasani et al., 2025) Transfer Learning 98.84 - - -
(Hu et al., 2025) GCS-YOLO 96.2 - 93.2 95.1
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