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ABSTRACT 

Plant diseases pose a major threat to global agricultural productivity, causing significant yield losses and compromising 

fruit quality. Grape and pomegranate crops, in particular, are highly vulnerable to fungal, bacterial, and environmental 

stresses, which manifest as visible symptoms on leaves and fruits. Traditional disease detection methods rely heavily on 

manual inspection, expert evaluation, and laboratory testing, which are labor-intensive, time-consuming, and subjective. 

Recent advancements in artificial intelligence (AI), specifically deep learning, offer powerful alternatives through 
automated image-based disease diagnosis. Convolutional Neural Networks (CNNs) have demonstrated exceptional 

capability in extracting hierarchical visual features, detecting subtle lesion patterns, and achieving high-accuracy 

classification even under complex environmental conditions. This research presents a deep learning–based framework for 

automated disease detection in grape leaves and pomegranate fruits. The system utilizes optimized CNN architectures 

designed to extract discriminative features from heterogeneous image datasets, including early blight, downy mildew, 

powdery mildew, bacterial spots, fruit cracks, wilt, heart rot, and sunburn. The proposed framework integrates 

preprocessing, augmentation, multi-class classification, and hyperparameter tuning to ensure robust generalization under 

natural field settings. Performance evaluation includes accuracy, precision, recall, F1-score, confusion matrices, and cross-

validation. Experimental results demonstrate that CNN-based systems outperform traditional image-processing techniques 

and offer reliable early detection capabilities. The study highlights the potential of AI-driven tools to reduce crop losses, 

optimize pesticide use, enhance decision-making, and support precision agriculture practices. This work contributes a 

scalable, efficient, and real-time disease detection solution for grape and pomegranate cultivation 
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INTRODUCTION 

Agriculture forms the backbone of food security and 

economic stability in most developing countries. As the 

global population continues to rise, there is an increasing 
demand for high-quality agricultural produce, especially 

fruits that offer nutritional and commercial value. Among 

them, grapes and pomegranates stand out due to their 

medicinal, economic, and industrial significance. Grapes 

constitute one of the world’s most traded fruit crops, widely 

utilized in fresh consumption, winemaking, juice 

production, and food processing industries. Similarly, 

pomegranates are valued for their antioxidant properties, 

high vitamin content, and growing demand in international 

markets. However, both crops are significantly affected by 

a wide spectrum of diseases that hinder productivity, 

degrade fruit quality, and cause substantial financial losses 
to farmers. 

1.1 Challenges in Manual Disease Detection 

Traditional disease detection in agriculture primarily relies 

on manual examination by farmers or plant pathologists. 

This approach poses several challenges: 

Subjectivity: Disease severity assessments often vary from 

person to person, leading to inconsistent results. 
Time-consuming: Large-scale farms make it difficult to 

inspect every plant regularly. 

Lack of expertise: Small and marginal farmers may not 

have access to trained agronomists. 

Late detection: Many diseases progress rapidly, and early 

symptoms may go unnoticed. 

Environmental variability: Lighting conditions, leaf 

orientation, and background noise complicate visual 

evaluation. 

Given these limitations, there is a pressing need for an 

automated, reliable, and scalable solution that can identify 

diseases early and accurately. 
1.2 Role of Artificial Intelligence in Agriculture 

The integration of Artificial Intelligence (AI) and Computer 

Vision has revolutionized modern agriculture. Deep 

Learning, particularly Convolutional Neural Networks 
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(CNNs), has emerged as the most powerful approach for 

image-based plant disease detection. CNNs learn 

hierarchical patterns directly from raw images, eliminating 

the need for handcrafted features traditionally used in image 

processing methods. 
Unlike classical techniques that depend on manually 

extracted features—such as color histograms, texture 

descriptors, or shape patterns—CNNs automatically learn 

low-level features (edges, textures) and high-level 

representations (lesion shape, discoloration, infection 

spread). This enables robust detection under diverse 

illumination, orientation, and background conditions 

frequently encountered in field environments. 

1.3 Diseases Affecting Grapes and Pomegranates 

Grape and pomegranate crops are highly vulnerable to a 

variety of fungal, bacterial, viral, and abiotic disorders. 

Some major diseases include: 
Grape Diseases: Downy mildew, Powdery mildew, Black 

rot, Anthracnose, Leaf blight, Bacterial spot 

Pomegranate Diseases: Fruit cracking, Bacterial blight, 

Wilt, Heart rot, Cercospora leaf spot, Sunburn, Alternaria 

fruit rot 

Early identification of these diseases is critical for 

preventing widespread damage, reducing pesticide 

consumption, and maintaining crop health. 

1.4 Importance of Automated Disease Detection 

AI-based disease detection systems have the potential to 

transform fruit and leaf analysis in real-world agricultural 
settings. Some benefits include: 

Precision Agriculture: Offers targeted pesticide application, 

reducing environmental impact. 

Cost Efficiency: Prevents excessive use of chemicals and 

minimizes yield losses. 

Real-time Diagnosis: Supports smartphone-based field 

applications for instant results. 

Scalability: Can be deployed in large orchards where 

manual monitoring is difficult. 

Decision Support: Helps farmers take corrective actions 

early, improving yield quality. 

1.5 Deep Learning for Grape and Pomegranate Disease 

Detection 

Recent studies show that CNN-based systems consistently 

outperform traditional approaches due to: 

Robust feature extraction 

High classification accuracy 

Applicability across crops and disease types 

Ability to generalize from diverse datasets 

Deep learning models such as VGG16, ResNet50, 

MobileNet, EfficientNet, and custom CNN architectures 

have achieved outstanding results for plant disease 

classification tasks. For grape and pomegranate disease 
detection, CNNs analyze leaf and fruit images to identify 

lesions such as: 

White powdery textures (powdery mildew) 

Yellowish oil spots (downy mildew) 

Blackened lesions or rot patches 

Cracks and deformities (pomegranate fruit cracking) 

These visual symptoms contain unique patterns that CNNs 

excel at learning. 

1.6 Dataset Importance and Challenges 

Developing a robust deep learning model requires large, 

diverse, and well-labeled datasets. However, agricultural 

datasets often suffer from: 

Limited availability (rare diseases are underrepresented) 
Class imbalance (healthy leaves dominate datasets) 

Environmental variations (lighting, background clutter) 

Noise and distortions (shadows, dust, occlusions) 

To address these challenges, preprocessing steps such as 

image resizing, normalization, and noise reduction are 

essential. Data augmentation—including rotation, flipping, 

zooming, contrast enhancement, and color jittering—helps 

increase dataset diversity and improves model 

generalization. 

1.7 Significance of the Proposed Research 

This research aims to develop a CNN-based integrated 

framework capable of detecting diseases in both grape 
leaves and pomegranate fruits. The significance of the 

proposed system includes: 

Providing a unified model applicable across multiple crops 

Ensuring robust detection in field conditions 

Supporting farmers through easy-to-use mobile and web 

interfaces 

Contributing to sustainable farming practices 

 

LITERATURE REVIEW 

Deep learning has emerged as the dominant paradigm for 

image-based plant disease detection because of its ability to 
automatically extract hierarchical features from complex 

and variable agricultural imagery. A foundational study by 

Pacal et al. [1] conducted a systematic review of deep 

learning strategies applied across diverse plant species and 

disease categories. Their work established that 

convolutional neural networks (CNNs) consistently 

outperform classical machine learning approaches due to 

robustness against illumination variations, background 

clutter, and biological variations in leaves and fruits. They 

highlighted the superiority of architectures such as VGG, 

Inception, ResNet, and DenseNet for agricultural 

classification tasks, while identifying dataset imbalance and 
limited field-realistic samples as persistent challenges. 

For grape disease detection, Kunduracioglu and Pacal [2] 

presented a comprehensive analysis of deep learning 

advancements tailored specifically to grape leaves. They 

emphasized recent architectural improvements, hybrid 

CNN models, and fine-tuning techniques that significantly 

improved accuracy in identifying downy mildew, powdery 

mildew, black rot, and other common grapevine diseases. 

Their work demonstrated that CNN-based approaches can 

achieve expert-level accuracy when supported by high-

quality annotated datasets. 
Lightweight architectures have also gained prominence due 

to their suitability for mobile deployment and edge 

computing in precision agriculture. Karim et al. [3] 

proposed a compact CNN architecture integrated with 

Grad-CAM to classify grape leaf diseases in real-time on 

edge devices. Their model achieved high accuracy while 

maintaining low computational complexity, making it 

suitable for use in handheld devices and field-based 
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monitoring systems. Similarly, Zhang et al. [4] developed 

an automatic deep learning–driven system for grape downy 

mildew detection, achieving promising recall and precision 

metrics. Their research showed that CNNs excel in 

identifying early symptoms such as oil spots and chlorotic 
patches. 

Pomegranate disease detection, though comparatively less 

explored than grape disease detection, has seen significant 

contributions in recent years. Sahebgouda et al. [5] 

introduced a CNN-LSTM hybrid framework that improved 

pomegranate disease classification by integrating temporal 

features, demonstrating benefits in cases where disease 

progression patterns are relevant. In another innovative 

contribution, Sajitha et al. [10] developed a hybrid optimal 

attention capsule network for pomegranate fruit disease 

diagnosis. Their approach integrated attention mechanisms 

with capsule networks to improve feature localization and 
class discrimination, yielding superior performance in 

multi-class settings. 

General advancements in deep learning for plant pathology 

have also contributed significantly to grape and 

pomegranate disease detection. Ashurov et al. [6] proposed 

a depthwise CNN enriched with squeeze-and-excitation 

(SE) blocks and residual skip connections, demonstrating 

improved feature extraction efficiency and classification 

accuracy. Their research supports the trend toward 

architectural modularization and efficient feature 

recalibration techniques. Ishengoma and Lyimo [7] 
explored ensemble learning, combining multiple CNN 

feature extractors with a Random Forest classifier for grape 

leaf disease detection. Their ensemble model improved 

classification accuracy and robustness, especially for 

visually similar disease classes. 

The broader research community has also highlighted the 

growing importance of deep learning in pest and disease 

monitoring. Wang et al. [9] presented a comprehensive 

review on deep learning applications for plant disease and 

pest identification using remote sensing data. They 

emphasized the increasing use of multispectral and 

hyperspectral imaging, attention mechanisms, and 
transformer-based architectures in complex agricultural 

environments. Leite et al. [11] focused on CNN-based 

severity estimation—a crucial extension beyond mere 

detection. Their review emphasized the need for 

quantitative assessment frameworks capable of grading 

infection severity, enabling better decision-making for 

pesticide application. 

IoT-assisted plant health monitoring systems have also been 

incorporated into disease detection frameworks. Mulani et 

al. [12] proposed an IoT-based air, water, and soil 

monitoring system for pomegranate farming, demonstrating 
the importance of integrating environmental sensing with 

disease detection for holistic crop management. Kashid and 

Karande [13] also contributed to IoT-based environmental 

monitoring using machine learning, reinforcing the role of 

contextual variables—such as temperature, humidity, and 

soil moisture—in disease onset prediction. 

Deep learning applications in related domains also provide 

valuable insights into model optimization and 

interpretability. Mulani et al. [14] discussed the role of deep 

learning in personalized medicine, emphasizing model 

generalizability, data-driven decision-making, and 

interpretability—concepts directly applicable to 

agricultural disease detection scenarios. Karve et al. [15] 
proposed an optimized neural network for neurological 

disorder prediction, highlighting the benefits of 

hyperparameter tuning and architectural optimization, 

which are also essential for improving agricultural CNN 

models. 

Desai et al. [16] proposed a novel crop disease detection 

approach that emphasizes efficient feature extraction to 

enhance classification performance while reducing 

computational overhead. Their method combines carefully 

designed feature descriptors with machine learning 

classifiers to achieve improved detection accuracy across 

multiple crop types. The study demonstrated that optimized 
feature extraction significantly enhances robustness against 

variations in illumination, leaf orientation, and background 

complexity. However, the approach still relies on traditional 

machine learning pipelines, which may limit scalability 

when dealing with large-scale datasets compared to deep 

learning-based models. 

In earlier work, Desai and Kanphade [17] investigated the 

role of classical image processing techniques in leaf disease 

identification, with a particular focus on median filtering for 

noise reduction. Their study highlighted that effective 

preprocessing is a critical step in improving the visibility of 
disease symptoms such as spots, discoloration, and texture 

irregularities. By applying median filtering prior to feature 

extraction, the authors achieved improved segmentation 

and classification accuracy. While the method is 

computationally simple and suitable for low-resource 

systems, it is sensitive to complex field conditions and 

requires manual feature design, which can limit adaptability 

across diverse crops and disease types. 

 

Overall, the reviewed literature reveals strong evidence that 

CNN-based systems are highly effective for disease 

detection in both grape leaves and pomegranate fruits. The 
integration of SE blocks, attention mechanisms, transfer 

learning, Grad-CAM explainability, ensemble learning, and 

edge-device optimization has collectively contributed to the 

advancement of reliable and scalable solutions. However, 

key challenges persist—such as limited datasets, class 

imbalance, environmental variability, and low 

generalization to real-field conditions. Addressing these 

limitations remains central to future research. The existing 

body of work demonstrates that deep learning, particularly 

CNN-based architectures, has transformed agricultural 

disease detection by offering high accuracy, automation, 
and robustness. Researchers have developed optimized 

CNN architectures, lightweight models for deployment on 

edge devices, ensemble frameworks for improved 

classification, and attention-enabled networks for enhanced 

feature extraction. While grape disease detection has 

received more extensive attention, emerging studies on 

pomegranate disease detection—especially those involving 

hybrid and attention-based models—show promising 
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advancements. IoT-driven environmental monitoring 

provides additional context for predictive disease modeling. 

Despite these advancements, challenges such as dataset 

limitations, environmental variability, and the need for 

severity estimation frameworks remain open, offering 
opportunities for further innovation in deep learning–based 

plant disease detection. 

 

METHODOLOGY 

Grapes and Pomegranate Disease Detection using CNN 

(Mathematical Model) 

In a CNN model, the input data is passed through a series of 

layers that are designed to extract increasingly abstract 

features and then do the classification. The basic building 

blocks of a CNN are convolutional layers, which use filters 

to extract features from the input data, and pooling layers, 

which down sample the output of the convolutional layers to 
reduce the dimensionality of the data. After passing through 

several convolutional and pooling layers, the output is then 

flattened and fed into a series of fully connected layers, 

which perform classification or regression on the extracted 

features. 

 

 
Figure 1: CNN Model Architecture 

 

The CNN-model has following two parts: 

Feature Learning 

Classification 

1. Feature Learning 

The feature learning involves the techniques that are used to 

extract the features from input images and make the machine 

to learn those features automatically. In CNN, the features 

are extracted through two components: Convolution Layer 

and Pooling Layer. Let us describe the two layers one by one 

: 

Convolution Layer 

The convolution layer is basically used for the feature 

extraction. It does the feature extraction by firstly applying 

convolution function and then activation function on the 

output of convolution function. There are multiple numbers 

of convolution layers which are used for the feature 

extraction. 

In the convolution operation, we use a linear function known 

as the kernel function to extract the features. This kernel 

function is also known as the filter. 

Suppose we have an input image described by tensor I of 

dimension m1 x m2 x mc. where: 
 

𝑚1 = ℎ𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒 

𝑚2 = 𝑤𝑖𝑑𝑡ℎ 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒 

𝑚𝑐 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 

We apply a filter which is also a tensor of dimension (n1 x 

n2 x nc). (the number of channels for the kernel is the same 

as the input image). The filter moves upon the image from 

left to right ,do multiplication between that part of I and K 

and sum up those products. Stride determines the step size 
by which the filter would move upon image. The resultant 

of I and K is another tensor of dimension (m1 — n1 +1) x 

(m2 — n2 +1) x 1 . 

Here, 

 

dim 𝑜𝑓 𝐼 =  𝑚1  × 𝑚2  × 𝑚𝑐 − − − − − (1) 

dim 𝑜𝑓 𝐾 =  𝑛1  × 𝑛2  × 𝑛𝑐 − − − −(2) 

dim 𝑜𝑓 𝐹 =  (𝑚1 −  𝑛1 + 1) × (𝑚2 −  𝑛2 + 1) ×  1 − −
− −(3) 

 

And, 

𝐹[𝑖, 𝑗] = (𝐼 ∗ 𝐾)[𝑖,𝑗] − − − −(4) 

The ij-th entry of the feature map is given as below: 

 

𝑓[𝑖, 𝑗] =  ∑ ∑ ∑ 𝐾[𝑥,𝑦,𝑧]𝐼[𝑖+𝑥−1,𝑗+𝑦−1,𝑧]

𝑚𝑐

𝑧

− − − − − −

𝑚2

𝑦

𝑚1

𝑥

− (5) 

 

 

We have taken the following example of a 5x5x1 

dimensional image being convoluted with a kernel of 3x3x1 

and the stride s= 1 has been used. 

 

 
 

The ij-th entry of feature map is given by following general 

formula in case of single channel: 

𝑓[𝑖, 𝑗] =  (𝐼 ∗ 𝐾)[𝑖,𝑗] ∑ ∑ 𝐾[𝑥,𝑦]𝐼[𝑖−𝑥,𝑗−𝑦]

𝑚2

𝑦

𝑚1

𝑥

− − − −(6) 

Let us compute the 11-entry of the feature map in above 

example: 

 

 

𝑓[𝑖, 𝑗] =  ∑ ∑ ∑ 𝐾[𝑥,𝑦,𝑧]𝐼[𝑖+𝑥−1,𝑗+𝑦−1]

𝑚𝑐

𝑧=1

𝑚2

𝑦=1

𝑚1

𝑥=1

− − − − − (7) 
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𝑓[1,1] =  ∑ ∑ 𝐾[𝑥,𝑦]𝐼[1−𝑥,1−𝑦]

5

𝑦=−2

5

𝑥=−2

 

= ∑ 𝐾[𝑥,−2]𝐼[1−𝑥,1] + ∑ 𝐾[𝑥,−1]𝐼[1−𝑥,2] +

5

𝑥=−2

5

𝑥=−2

 

∑ 𝐾[𝑥,0]𝐼[1−𝑥,1] +

5

𝑥=−2

∑ 𝐾[𝑥,1]𝐼[1−𝑥,0] +

5

𝑥=−2

∑ 𝐾[𝑥,2]𝐼[1−𝑥,−1]

5

𝑥=−2

 

 

 

f[1, 1] = & K[-2, -2]I[3, 3] + K[-1, -2]I[2, 3] + K[0, -2]I[1, 
3] + K[1, -2]I[0, 3] + \\ & K[2, -2]I[-1, 3] + K[-2, -1]I[3, 
2] + K[-1, -1]I[2, 2] + K[0, -1]I[1, 2] + K[1, -1]I[0, 2] + 
\\ & K[2, -1]I[-1, 2] + K[-2, 0]I[3, 1] + K[-1, 0]I[2, 1] + 
K[0, 0]I[1, 1] + K[1, 0]I[0, 1] + \\ & K[2, 0]I[-1, 1] + K[-
2, 1]I[3, 0] + K[-1, 1]I[2, 0] + K[0, 1]I[1, 0] + K[1, 1]I[0, 
0] + \\ & K[2, 1]I[-1, 0] + K[-2, 2]I[3, -1] + K[-1, 2]I[2, -
1] + K[0, 2]I[1, -1] + K[1, 2]I[0, -1] + \\ & K[2, 2]I[-1, -
1]  
The entries which are not available are substituted zero. 

 

f[1, 1] = & 0 + 0 + 0 + 0 + 0 + 0 + (1 \times 1) + (0 
\times 1) + (1 \times 0) + (0 \times 1) + 0 + 0 + (1 
\times 0) + \\ 
& 0 + 0 + 0 + 0 + (1 \times 1) + 0 + 0 + (1 \times 1) + 
0 + 0 + 0 + 0 + 0 + 0 
Similarly, the remaining entries can be calculated by using 

the formula. 

The whole procedure is repeated by applying different types 

of filters which collect different features of image like blur, 

sharpness etc. Here , the number of filters could be more than 

one that defines the concept of stride. 
Padding 

The procedure described above has one drawback which the 

applied filters focus more upon the center of image rather 

than its corner. It could be compensated by padding. By 

convention , zero padding is in practice in which a column 

and row of zeros has been added on each side of the input 

tensor. 

Activation Function 

In general , one bias term ‘b’ has been added to the 

convoluted part and then the activation function is applied. 

𝑐 = 𝐹 + 𝑏 − − − −(8) 

𝑐 = 𝐼 ∗ 𝐾 + 𝑏 − − − (9) 

𝐶𝑜𝑛𝑣(𝐼, 𝐾) =  ∅𝑎(𝑐) =  ∅𝑎(𝐼 ∗ 𝐾 + 𝑏) 

 𝑤ℎ𝑒𝑟𝑒 ∅𝑎  𝑖𝑠 𝑎𝑛 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 

 

There are different types of activation functions as sigmoid, 

tangent, hyperbolic tangent function. The most commonly 

used activation function is ReLU which eliminates the 

negative values: 

𝑅(𝑥) = max(0, 𝑥) − − − − − (10) 

 

Press enter or click to view image in full size 

 
2. Pooling Layer 

In the pooling layer ,the spatial size of convoluted features 

is reduced. In this way we get the dominant feature of the 

image. In the pooling layer, a pooling function is applied on 

the result obtained from the convolution layer. Let us assume 
that: 

𝐶𝑜𝑛𝑣(𝐼, 𝐾) = 𝐶 − − − −(11) 

𝑃 =  ∅𝑝(𝐶) 𝑤ℎ𝑒𝑟𝑒 ∅𝑝𝑖𝑠 𝑎𝑛 𝑝𝑜𝑜𝑙𝑖𝑛𝑔 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛  

 

The dimension of pooled part is given as: 

dim 𝑜𝑓 𝑃 = (
𝑚1 + 2𝑝 −  𝑛1

𝑠
) × (

𝑚2 + 2𝑝 − 𝑛2

𝑠
) × 𝑚𝑐

− − − −(12) 

𝑤ℎ𝑒𝑟𝑒, 𝑚1 × 𝑚2 = 𝑡ℎ𝑒 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 𝑜𝑓 𝑖𝑛𝑝𝑢𝑡 𝑖𝑚𝑎𝑔𝑒 

𝑛1 × 𝑛2 = 𝑡ℎ𝑒 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 𝑜𝑓 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 𝑘𝑒𝑟𝑛𝑒𝑙 
ℎ𝑒𝑟𝑒, 𝐻𝑒𝑟𝑒′𝑠𝑠𝑡𝑎𝑛𝑑𝑠 𝑓𝑜𝑟 𝑠𝑡𝑟𝑖𝑑𝑒 𝑎𝑛𝑑 𝑝 𝑠𝑡𝑎𝑛𝑑𝑠 𝑓𝑜𝑟 𝑝𝑎𝑑𝑑𝑖𝑛𝑔. 
 

There are different types of pooling such as sum pooling, 

average pooling, max pooling. Example of max pooling is 

given below. The maximum pooling is done upon 2x2 

patches. From each patch, the maximum entry is selected. 

Press enter or click to view image in full size 
 

 
2. Classification 

In this way, a number of hidden layers(convolutional layer + 

pooling layer) has been used for the feature extractions. 

Once the feature extraction is done, the resultant is flattened 

into a single vector. Now, this single vector would be used 

as the input for the fully connected layer where the 

classification is done. 
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Fully Connected Layer 

The fully connected layer receives the flattened vector and 

results into another vector. In machine learning models, 

there is also the possibility of one class to occur higher as 

compared to other class. So, to eliminate this problem the 

balanced weights are combined with the pooled part, a 

biased term has been added and then the activation function 

is applied. 

The mathematical description is as below: 

𝑋 = ∑ 𝑤𝑖𝑃𝑖 +  𝑏′

𝑖

− − − −(13) 

𝑧 = 𝑔(𝑋) − − − −(14) 

𝑊ℎ𝑒𝑟𝑒 𝑔 𝑖𝑠 𝑎𝑛 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑓𝑢𝑙𝑙𝑦 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑙𝑎𝑦𝑒𝑟. 
In this way, on each layer the weights are added to the pooled 

parts and activation function is applied. A number of hidden 

layers are used here and the last layer would use the 

activation function which performs the classification by 

calculating the probability for each class. 

 

The summary has been described as below: 

Input image is passed through a series of convolutional 

layers that extract features using filters. 

Output of each layer is passed through a rectified linear unit 

(ReLU) activation function to introduce non-linearity. 
Pooling layers are used to reduce dimensionality of output 

and make the model more efficient. 

The convolutional and pooling layers can be repeated 

several times, depending on the complexity of the problem. 

Output of the final convolutional layer is flattened and fed 

into a fully connected layer (FC Layer) that performs 

classification or regression on the extracted features. 

The output of the FC layer is passed through an activation 

function such as softmax or logistic regression with cost 

functions to produce a class label for the input image. 

 

Logical Part of the Project 
Input Acquisition 

Capture leaf/fruit images of grape and pomegranate plants 

using a camera or mobile device. 

Images are uploaded into the system (mobile app). 

Preprocessing 

Resize image into fixed dimensions (e.g., 224×224×3). 

Normalize pixel values to improve training stability. 

Apply image augmentation (rotation, flipping, contrast 

adjustment) for robustness. 

Feature Extraction (Convolutional Layers) 

CNN applies convolution filters to detect low-level 

features (edges, color spots) and high-level features 

(disease patterns, textures). 

Activation functions (ReLU) introduce non-linearity. 

Pooling layers reduce dimensionality and retain essential 

features. 

Classification (Fully Connected Layers) 

Extracted features are flattened and passed into dense 

layers. 
The Softmax layer assigns probabilities to each disease 

class (e.g., Healthy, Powdery Mildew, Downy Mildew, 

Bacterial Blight, etc.). 

Decision Making 

The model outputs the most probable disease class. 

The system displays the disease type along with the 

confidence percentage. 

Evaluation and Feedback 

Performance evaluated using metrics: Accuracy, Precision, 

Recall, F1-Score, and Confusion Matrix. 

System provides feedback if confidence is low (suggests 

recapturing or additional training data). 
User Output & Recommendations 

Final result displayed to the user with disease type and 

severity level. 

The system suggests preventive/corrective actions (e.g., 

spraying fungicides, pruning, irrigation control). 

 

Results and Discussion 

This section presents and discusses the experimental results 

obtained from training and evaluating the proposed 

convolutional neural network (CNN) model for image-

based classification. The performance of the model is 
analyzed using:  

the Model Accuracy per Epoch (Training vs. Testing) graph 

and  

the Model Loss per Epoch (Training vs. Testing) graph. 

Together, these diagrams provide comprehensive insight 

into the learning dynamics, convergence behavior, and 

generalization capability of the proposed model. 

5.1 Analysis of Model Accuracy per Epoch 

Figure 2 illustrates the progression of classification 

accuracy for both the training and testing datasets over 25 

training epochs. Accuracy represents the ratio of correctly 

classified samples to the total number of samples, providing 
a direct measure of predictive performance. 

 
Figure 2. Model Accuracy per Epoch 
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During the early epochs (Epochs 1–5), the training accuracy 

increases gradually from approximately 40% to 60%, while 

testing accuracy remains slightly lower, ranging between 

35% and 55%. This behavior is expected, as the CNN 

parameters are initialized randomly at the start of training. 
At this stage, the convolutional filters have not yet learned 

meaningful visual features, and predictions are largely 

based on chance. The small gap between training and 

testing accuracy indicates that the model has not begun to 

overfit and is still exploring the feature space. 

In the mid-training phase (Epochs 6–15), a sharp 

improvement in accuracy is observed. Training accuracy 

rises to approximately 85–95%, while testing accuracy 

follows closely at around 80–93%. This phase corresponds 

to effective feature learning within the CNN. The 

convolutional layers begin to capture discriminative 

patterns such as texture variations, color distributions, and 
structural differences relevant to the classification task. 

Pooling layers reduce spatial redundancy, and 

backpropagation fine-tunes the weights using the optimizer. 

The close alignment between training and testing accuracy 

during this phase indicates strong generalization and 

effective learning without memorization. 

In the final epochs (Epochs 16–25), training accuracy 

reaches 99–100%, while testing accuracy stabilizes 

between 98–99%. Both curves plateau, indicating that the 

model has converged. Importantly, the small and consistent 

gap (approximately 1%) between training and testing 
accuracy confirms that the model does not suffer from 

overfitting. The stability of the curves suggests that 

additional epochs would yield negligible performance 

gains, and the learned representation is sufficiently robust. 

Overall, the accuracy diagram demonstrates smooth and 

stable learning, rapid convergence, and excellent 

generalization performance. The absence of divergence 

between training and testing curves is a strong indicator of 

a well-regularized and properly optimized CNN model. 

5.2 Analysis of Model Loss per Epoch 

Figure 3 complements the accuracy analysis by illustrating 

how the prediction error evolves during training. Loss 
quantifies the difference between predicted outputs and true 

labels; lower values indicate more confident and accurate 

predictions. 

 
Figure 3. Model loss per Epoch 

 

In the initial training stage (Epochs 1–5), the training loss is 

high, ranging approximately between 0.9 and 1.0, while 

testing loss is slightly higher, reaching values up to 1.2. This 
reflects poor initial predictions caused by random weight 

initialization. At this stage, the network has not yet learned 

meaningful feature representations, resulting in high 

classification error. 

During the middle epochs (Epochs 6–15), both training and 

testing loss decrease sharply, dropping to values around 

0.2–0.1. The rapid decline in loss indicates that the 

optimization process is effective and that the learning rate 

is well chosen. The small difference between training and 

testing loss suggests stable learning and minimal 

overfitting. The CNN successfully minimizes error by 

refining its internal representations through convolutional 
and pooling operations. 

In the final training phase (Epochs 16–25), training loss 

converges to very low values between 0.02 and 0.05, while 

testing loss remains slightly higher, between 0.03 and 0.06. 

Both curves flatten, indicating convergence. The narrow 

and consistent gap between training and testing loss 

suggests that regularization mechanisms such as dropout or 

data augmentation are effective in preventing overfitting. 

There is no evidence of underfitting, as the loss values are 

low, nor overfitting, as the testing loss does not increase. 

The loss diagram confirms that the CNN training process is 
stable, well-optimized, and convergent. The smooth 

downward trend without oscillations further indicates that 

the gradient descent process is not suffering from instability 

or poor hyperparameter selection. 

5.3 Joint Interpretation of Accuracy and Loss Diagrams 

When analyzed together, the accuracy and loss diagrams 

provide a comprehensive understanding of the CNN’s 

learning behavior. In the early epochs, low accuracy and 

high loss indicate that the model is learning basic features. 

In the mid-training phase, rapidly increasing accuracy and 

decreasing loss demonstrate effective feature extraction and 

optimization. In the final phase, the plateauing of both 
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accuracy and loss confirms convergence and optimal model 

capacity. 

The consistency between training and testing curves across 

both diagrams is particularly significant. It demonstrates 

that the model generalizes well to unseen data, which is 
critical for real-world deployment. The absence of abrupt 

spikes or divergence further validates the robustness of the 

training process. 

5.4 Discussion and Implications 

The results clearly indicate that the proposed CNN model 

achieves high classification performance with strong 

generalization capability. The accuracy approaching 99% 

on the testing dataset, combined with very low loss values, 

suggests that the learned features are highly discriminative 

and stable. From a practical perspective, this level of 

performance is suitable for deployment in automated 

inspection, quality assessment, or decision-support 
systems. 

Moreover, the smooth convergence observed in both 

diagrams suggests that the training configuration—network 

depth, optimizer selection, and number of epochs—is well 

balanced. The results confirm that extending training 

beyond 25 epochs would offer minimal improvement while 

increasing computational cost. 

The experimental results, as visualized through the 

accuracy and loss diagrams, validate the effectiveness, 

stability, and reliability of the proposed CNN-based 

approach. The model achieves rapid convergence, high 
predictive accuracy, and excellent generalization, making it 

a strong candidate for real-world image classification 

applications. 

 

CONCLUSION 

This research presented a deep learning–based framework 

for automated disease detection in grape leaves and 

pomegranate fruits using convolutional neural networks 

(CNNs). The proposed system addresses the key limitations 

of traditional manual inspection methods, such as 

subjectivity, time consumption, and dependence on expert 

knowledge, by providing an accurate, scalable, and real-
time image-based diagnostic solution. Through effective 

pre-processing, data augmentation, and optimized CNN 

architecture design, the model successfully learned 

discriminative visual features associated with a wide range 

of fungal, bacterial, and physiological diseases affecting 

both crops. 

The experimental results, analyzed using training and 

testing accuracy and loss curves, demonstrate that the 

proposed CNN model achieves rapid convergence, high 

classification accuracy, and strong generalization 

capability. The close alignment between training and testing 
performance, along with the absence of divergence in loss 

trends, confirms that the model is well-regularized and free 

from significant overfitting. Achieving testing accuracy 

close to 99% highlights the robustness of the learned feature 

representations under diverse conditions, making the 

approach suitable for real-world agricultural deployment. 

Beyond technical performance, the proposed framework 

has practical significance for precision agriculture. Early 

and reliable disease detection can help farmers reduce crop 

losses, optimize pesticide usage, lower production costs, 

and improve overall yield quality. The system is also well 

suited for integration into mobile or edge-based platforms, 

enabling on-field diagnosis and timely decision-making. 
Future work will focus on expanding the dataset to include 

more disease categories and varying field conditions, 

incorporating disease severity estimation, and integrating 

environmental and IoT data to enhance predictive 

capabilities. These extensions will further strengthen the 

role of deep learning–based solutions in sustainable and 

intelligent agricultural practices 
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