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Abstract:
Plants play a crucial role in sustaining life by serving as a primary source of energy and mitigating global

warming. However, they are increasingly vulnerable to diseases such as bacterial spot, late blight, and
Septoria leaf spot, which significantly impact crop yield and agricultural productivity. Early and accurate
detection of these diseases is essential for effective disease management and improved agricultural outcomes.
This project aims to develop a deep learning-based approach for detecting plant leaf diseases using
Convolutional Neural Networks (CNN). By leveraging benchmark datasets, the proposed CNN model
demonstrates superior performance compared to traditional machine learning techniques, achieving an
accuracy of 92%, precision of 89%, Fl-score of 93%, and recall of 92.47%. The results highlight the
effectiveness of CNN in automating disease identification, enabling timely intervention, and promoting
sustainable agricultural practices.

Keywords: CNN, Leaf disease prediction, Smart Agriculture, Image Based disease identification, Machine
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1. Introduction

Leaf disease prediction plays a vital role in ensuring agricultural productivity and food security. Early
detection of plant diseases enables farmers to implement timely interventions, preventing large-scale crop
losses and maintaining high-quality yields. Diseases caused by pathogens such as fungi, bacteria, and viruses
can significantly impair essential plant functions like photosynthesis, transpiration, and nutrient absorption.
Early detection allows farmers to apply appropriate treatments, reducing the spread of infection and
minimizing economic losses [1]. Furthermore, leaf disease prediction helps optimize the use of pesticides
and fertilizers, preventing over-application, which can lead to soil degradation and environmental damage [2].
With the integration of machine learning and image processing technologies, accurate and automated
disease detection has become more accessible, offering faster and more reliable results [3].

Failure to predict plant leaf diseases can result in severe consequences for both agricultural productivity and
the economy. Without timely detection, diseases can rapidly spread across crops, leading to significant yield
losses. For instance, fungal infections like late blight can devastate entire potato and tomato fields if left
untreated [4]. Additionally, bacterial and viral diseases can reduce the market value of crops by affecting their
appearance, taste, and shelf life [5]. The absence of early disease prediction also increases dependency on
chemical pesticides, which, when used excessively, can harm soil quality, water resources, and biodiversity.
Furthermore, undetected diseases can disrupt the agricultural supply chain, causing price fluctuations and
reducing farmers' profits [8]. In developing countries, where agriculture is a primary source of livelihood,
such losses can push farmers into financial instability [6].
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Many studies utilize image processing techniques to detect and classify plant diseases based on visual
symptoms. RGB image feature pixel counting, for example, is widely applied in agricultural research. This
technique involves capturing high-resolution images of leaves and analyzing them to detect changes in
color, texture, and shape caused by diseases [7]. Image segmentation methods, such as k-means clustering
and thresholding, are used to isolate infected regions. These segmented images are then processed to extract
features like area, perimeter, and color distribution, which are used to classify the disease type [8].

Several papers incorporate machine learning algorithms such as Support Vector Machines (SVM), K-
Nearest Neighbors (KNN), and Random Forest classifiers for disease identification. Deep learning models,
particularly Convolutional Neural Networks (CNNs), are increasingly popular for their high accuracy in
detecting and classifying plant diseases. CNNs automatically extract hierarchical features from images,
making them effective for large datasets. In some cases, hybrid models combining traditional machine
learning with deep learning approaches are used to enhance accuracy and reduce false positives. These
methodologies leverage real- time data collection from drones and sensors, providing farmers with timely
and accurate disease predictions [9].

The key contributions of this paper include

1. The project introduces a Convolutional Neural Network (CNN) for accurately identifying
plant leaf diseases, outperforming traditional machine learning techniques.

2. The proposed CNN model achieves 92% accuracy, 89% precision, 93% F1-score, and 92.47% recall,
demonstrating its effectiveness in automating plant disease detection.

3. By enabling early and precise disease identification, the model facilitates timely intervention,
reducing crop losses and contributing to sustainable agricultural practices.

2. Literature survey

The study in [10] focuses on improving plant disease detection using deep learning. The researchers
developed a CNN-based model for leaf image classification to identify diseases in bell peppers, tomatoes,
and potatoes. They trained and tested the model using a Kaggle dataset containing 17,430 labelled images
across 14 disease classes. The proposed CNN model demonstrated high accuracy in detecting and
classifying plant diseases, highlighting its potential for effective crop disease management.

In [11] the authors proposed an enhanced Convolutional Neural Network (CNN) for detecting leaf diseases
in plants. By analyzing morphological features like color, intensity, and size, the model effectively
categorized plant diseases with higher accuracy across 39 plant classes, including tomato, corn, apple, and
potato. This approach demonstrates the potential of CNN- based models in early plant disease detection,
aiding in crop yield and market value preservation.

In [12], the authors evaluated deep learning methods for early leaf disease detection, comparing CNNs and
Vision Transformers (VTs). The optimized CNN model (ResNet50-based ETPLDNet) achieved
99.58% accuracy, excelling in feature extraction, while the VT-based LEViT model, using self-attention and
Explainable Al (XAI), reached 95.22% accuracy with greater interpretability. Combining CNN precision
with VT transparency, this approach enhances Al-driven crop disease management in precision agriculture.

This study proposes a deep stacked ensemble learning approach for accurate bean leaf disease detection. It
combines predictions from pre-trained CNN models EfficientNetB3, InceptionV3, and MobileNetV2 using
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Transfer Learning (TL) and a meta-learner on averaged predictions. Trained on a dataset of 1,296 images,
the ensemble model, particularly EfficientNetB3 and InceptionV3, achieved 99.22% accuracy,
outperforming traditional models with improved precision, recall, and F1-score while reducing training time
[13].

In [14] the authors applied deep learning for potato leaf disease detection, focusing on early and late blight.
A dataset of 3,251 images was pre-processed (resizing and normalization) before training CNN and
ResNet50 models for 20 epochs. ResNet50 achieved 97% validation accuracy, outperforming CNN’s 76%.
Performance was assessed using classification reports, confusion matrices, and loss analysis. This study
developed a deep convolutional neural network (Deep CNN) for automated leaf disease detection in
Cucumis Melo L. Using 1,776 training images and 198 test images, the model classified healthy leaves and
those affected by anthracnose, downy mildew, and powdery mildew.

The proposed CNN was compared with AlexNet, VGG16, and VGGI19 on the same dataset, achieving
93.58% accuracy, outperforming the others. Experiments with and without data augmentation validated the
model's effectiveness, demonstrating its potential for smart farming applications [15].

In [16], the authors proposed an Al-driven model for grape leaf disease detection and treatment
recommendation. It involves data collection, Gaussian filtering for noise reduction, Mask R- CNN for image
segmentation, and Walrus Optimization (WaOA)-enhanced CNNs for disease classification. The model also
suggests pesticides based on Al analysis and evaluates its performance, aiming to minimize losses and
enhance agricultural productivity.

In [17] the authors addressed the need for automated pumpkin leaf disease detection by utilizing a dataset of
2,000 high-resolution images across five categories. Various deep learning models, including DenseNet,
Xception, and ResNet, were evaluated, with ResNet50 achieving the highest accuracy of 90.5%. Explainable
Al (XAI) techniques such as Grad-CAM and Layer-CAM were applied to enhance model transparency and
trust. The findings highlight ResNet50’s effectiveness in early and accurate disease detection, aiding
precision agriculture. Table 1 highlights the review of Plant Disease Detection Techniques: Methodologies
and Limitations.

Table 1: Review of Plant Disease Detection Techniques: Methodologies and Limitations

S.No Reference and | Methodology used Limitaion
Author
1 Chowdhury [10] | Convolutional Neural The model may struggle in real-world
Network conditions due to variations in lighting,
(CNN) background noise, and leaf orientation.
2 Sankhe [11] Convolutional Neural The model's accuracy may be impacted by
Network occlusions, overlapping leaves, and poor
(CNN) lighting conditions in real-world settings.
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3 Prashanth [12] Convolutional Neural The study's limitations include dataset
Network (CNN) | variability, high computational costs, real-
and Vision time constraints, reliance on quality images,

Transformers (VTs) and an accuracy-
interpretability trade-off.
4 Ghannam [13] Transfer Learning The study is limited by dataset size, potential
(TL) and CNN overfitting, sensitivity to variability, lack of
real-time implementation, and the need for
broader disease diversity for better
generalization.

5 S.Chowdhury [14] | Convolutional Neural The study is limited by CNN’s lower

Network accuracy, dataset dependency, potential
CNN ResNet50 overfitting, and the need for further
optimization for broader generalization.

6 Lam [15] Deep convolutional | The study's limitations include dependence

neural network on dataset size, potential overfitting, the
(Deep CNN) challenge of selecting optimal CNN
parameters, and limited generalization to
unseen environmental
conditions.
7 Uday [16] Mask R-CNN and The model's accuracy may be affected by
Walrus Optimization environmental  variations, making it
(WaOA)-enhanced CNN | challenging to distinguish disease symptoms
from factors like sunburn
or rain spots.
8 Khandakar DenseNet201, The study's limitation lies in its reliance
DenseNetl121, on high-quality images, which may
DenseNet169, hinder real-world applicability in varying
Xception, ResNet50, lighting and environmental conditions.
ResNet101, and
InceptionResNetV?2
3. Proposed Work

CNN is a deep learning model for computer vision that recognizes and classifies image features. Inspired by
the human visual cortex, its architecture mimics neural connections in the brain. While humans naturally
learn to identify objects, computers achieve this by training on millions of images, converting visual data
into numerical patterns for recognition and prediction [18]. CNN is widely used for plant leaf disease
classification, while networks like FCNs and deconvolutional networks are mainly used for image
segmentation or medical diagnosis. A typical CNN includes convolutional, pooling, and fully connected
layers, with the convolutional layer extracting features by leveraging local correlations in the image[19].

A Convolutional Neural Network (CNN) primarily consists of three key layers: convolutional layers,
pooling layers, and fully connected layers. The mathematical foundation of CNNs is based on the following
principles:
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3.1 Convolution Operation

The core operation in a CNN is convolution, which applies a filter (or kernel) to extract features from an
image. Mathematically, convolution is represented in Eq.(1):

s(a,b) = XpXqA(a+p,b+ q).K(p,q) (1)

In which, s(a,b) is the output of the convolution operation,A(a+p,b+q) represents the input feature map at
position (a+p,b+q) and K(p,q) is the convolutional kernel (filter) applied to the input. The summation over p
and q accumulates the weighted sum of the input values within the receptive field of the kernel. Eq.(1)
represents the convolution operation, which extracts spatial features by computing the dot product between
the kernel and the corresponding region of the input feature map.

3.2 Activation Function

After convolution, an activation function (commonly ReLU) introduces non-linearity, here in the CNN as
an enhancement we are using a leaky ReLLU function as it prevents dead neurons. The Leaky ReLLU function
is represented in Eq.(2).

J(x) =max(yx.x) )
In which, f(x) is the output of the Leaky ReLLU function, x is the input to the activation function,
y is a minimal positive slope for the negative inputs (typically y = 0.01), Eq.(3) depicts the max(i,j)
function that returns the maximum of i and j.

if x = 0 (linear for the inputs which are positive)
if x < 0 (small slope for the inputs which are negative)

X,
f =10, G)

3.3 Pooling Operations

Pooling reduces the spatial dimensions while retaining important features. The two common
types are:

3.3.1 Max Pooling: It selects the maximum value from each region of the feature map which
is represented in Eq.(4).

p(a,b) = maxF(a+ p,b+q) 4
p.q

In which P(a,b) represents the pooled output at position (a,b),A(atp,b+q) is the input feature
map, and maxpgselects the maximum value within the pooling window of size pxq. Max
pooling helps in retaining the most significant features while reducing spatial dimensions.

3.3.2 Average Pooling: It computes the average value from each region of the feature map
which is given in Eq.(5).

p(a,b) = p—lq YoaF(@a+p,b+q) (5)
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In which, P(a,b) is the pooled output at position (a,b), and A(a+p,b+q) represents the input feature values
within the pooling window. The summation computes the total of all values in the window, and the division
by mxn gives the average value. Average pooling smooths feature maps and reduces sensitivity to small
variations.

3.3.3 Global average pooling: Here as an enhancement in the CNN we are using global average pooling, in
which the pooling operation is applied over the entire spatial dimensions which results a single value per
feature map and prevents overfitting by enforcing spatial averaging.

GP =_' FH-13W-IF (a,b) ©)
k HW' a=0 b=0 k

In which, GP« is the output of GAP layer for the k™ feature map, HW' represents the height and width of
feature map after convolution and Fk(a, b) represents the activation value in k™ feature map.

3.4 Fully connected Layer
After feature extraction, the output is flattened into a vector and passed through a fully connected (dense)
layer:

y=W.x+b (7)

In which, Y is the output of the neural network layer, W represents the weight matrix that determines the
strength of connections, X is the input feature vector or activation values from the previous layer, and b is
the bias term that helps shift the activation function to improve learning.

3.5 Soft max classification

For multi-class classification, the softmax function converts raw scores into probabilities:

P(y) =" ®)
t 5jeZl

In which, S(z:) represents the softmax output for the ith class,yiis the input score (logit) for class i, eis the

exponentiation of the input score to ensure positive values, and }}j e# is the summation of exponentiated
scores across all classes, normalizing the values into a probability distribution.

4. Methodology

The Enhanced CNN (ECNN) for leaf disease detection follows a structured pipeline: Data Collection
(gathering healthy and diseased leaf images), Preprocessing (enhancement, noise removal, resizing), Feature
Extraction & Classification (deep features processed through convolutional layers), Model Training
(learning patterns via backpropagation), and Evaluation & Prediction (accuracy assessment and
classification). ECNN enhances traditional CNNs with advanced layers, attention mechanisms, and data
augmentation for improved precision [20][21]. Figure 1 represents the architecture of the proposed work.

The Enhanced Convolutional Neural Network (ECNN) for Leaf Disease Detection follows a structured
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process. It begins with Data Collection, where images of healthy and rust-infected leaves are gathered. In
Data Preprocessing, images are resized, normalized, and augmented to improve model performance. The
Classification Model then processes these images through convolutional layers, extracting key features to
differentiate leaf conditions. During Training, the model learns patterns using optimization techniques.
Finally, in Evaluation and Prediction, the trained model classifies new images with high accuracy. ECNN

enhances traditional CNNs with optimizations, making it more effective for agricultural disease detection.
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Figurel: Architecture of the Proposed ECNN

5.Results and Discussion
5.1. Dataset Description

Table 2 represents the dataset distribution used for leaf disease detection, specifically focusing on healthy and
rust-infected leaves across different plant species. The dataset comprises Apple, Corn, Grape, Peach, Pepper,
and Potato leaves, with a varying number of samples in both healthy and rust-affected categories. For
instance, Apple leaves have 1645 healthy and 621 rust-infected samples, while Peach leaves show a
significant imbalance with only 360 healthy samples compared to 2297 rust-infected ones. Similarly, Corn
leaves exhibit nearly equal distribution, whereas Potato leaves have an overwhelming number of rust-
affected samples (1000) compared to only 152 healthy ones [22].
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Table: 2 Dataset description for Leaf Disease Detection

LEAF HEALTHY RUST _INFECTED
Apple Leaf 1645 621
Corn_Leaf 1162 1192
Grape Leaf 423 1076
Peach Leaf 360 2297
Pepper leaf 1478 997
Potato leaf 152 1000

5.2.Performance Metrics
The performance metrics used to evaluate the model’s performance are represented in Table 3.

Table 3: Performance metrics

S. Performance Description Formula
No Metric
1 Accuracy Measures the overall Accuracy=(TP+TN)/(FP+FN+TP+TN)
correctness of a model
2 Precision Measures how many Precision=TP/(TP+FP)

predicted positives are
actually correct

3 F1-Score Measures how many actual Precision=TP/(FN+TP)
positives were correctly predicted
4 Recall Harmonic mean of F1— Score =2
precision and recall , (Precision « Recall)

(Precision + Recall)

5.3 Performance analysis of Proposed work with other existing algorithms
5.3.1 Accuracy

The bar chart in Figure 2 illustrates the accuracy comparison of different models Artificial Neural Networks
(ANN), Vision Transformers (ViTs), Graph Neural Networks (GNNs), and Enhanced Convolutional Neural
Networks (ECNN) in the context of leaf disease detection. The ECNN model outperforms all other models,
achieving the highest accuracy of 0.83, demonstrating its superior capability in feature extraction and
classification [23].
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Figure 2: Accuracy

In contrast, ANN and ViTs achieve lower accuracies of 0.75 and 0.76, respectively, indicating their
limitations in handling complex patterns in leaf images. GNNs perform better at 0.80, yet

still fall short of ECNN [24]. The significant improvement of ECNN suggests that its enhanced architecture,
possibly incorporating additional convolutional layers, attention mechanisms, or data augmentation, leads to
more precise detection and classification of diseased leaves. This evidence supports the effectiveness of
ECNN as the most reliable model for automated plant disease diagnosis [25].

5.3.2 Precision

Figure 3 represents a performance analysis of precision among four different models like Artificial Neural
Networks (ANN), Vision Transformers (ViTs), Graph Neural Networks (GNNs), and Enhanced
Convolutional Neural Networks (ECNN) for leaf disease detection. ECNN demonstrates the highest
precision at 0.80, outperforming other models, including GNNs (0.79), ViTs (0.75), and ANN (0.73). This
result underscores the superior capability of ECNN in accurately identifying diseased and healthy leaves
while minimizing false positives [23]. The higher precision of ECNN suggests its effectiveness in making
reliable predictions, making it a promising approach for practical applications in plant disease detection

[25].

Figure 3: Precision

ISSN : 2581-7175 ©IJSRED: All Rights are Reserved Page 2578



International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 3, May-June 2026
Available at www.ijsred.com

5.3.3 Recall

The Figure 4 illustrates the recall performance of four different models Artificial Neural Networks (ANN),
Vision Transformers (ViTs), Graph Neural Networks (GNNs), and Enhanced Convolutional Neural
Networks (ECNN) for leaf disease detection. Among these, ECNN achieves the highest recall at 0.85,
followed by GNNs (0.84), ViTs (0.83), and ANN (0.82) [23]. The superior recall score of ECNN indicates
its effectiveness in correctly identifying diseased leaves without missing true positive cases. A higher recall
value signifies that ECNN has a lower false negative rate, making it a more reliable model for detecting plant
diseases with minimal errors [25]. This further supports ECNN as a robust approach for improving disease
diagnosis in agricultural applications.

089 -
. 0.85
Q&3 )84
)
NN[23 ViTs[24 N2 CNN

Figure 4: Recall
5.3.4 F1-Score

The graph presents the Fl-score performance of four models Artificial Neural Networks (ANN), Vision
Transformers (ViTs), Graph Neural Networks (GNNs), and Enhanced Convolutional Neural Networks
(ECNN) for leaf disease detection. ECNN achieves the highest F1-score of 0.88, outperforming GNNs (0.85),
ViTs (0.84), and ANN (0.82) [25]. Since the F1-score is a harmonic mean of precision and recall, this result
highlights ECNN’s balanced ability to accurately classify diseased and healthy leaves while minimizing both
false positives and false negatives [26]. The superior Fl-score of ECNN demonstrates its robustness and
efficiency, making it the most reliable model for practical deployment in agricultural disease diagnosis

systems [27].

Figure 5: F1 — Score
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Table 4: Analysis of Machine Learning Models for Leaf Disease Detection

Models Accuracy Precision F1-Score Recall
ANN [23] 0.75 0.73 0.82 0.82
ViTs [24] 0.76 0.75 0.83 0.84
GNNs [25] 0.8 0.79 0.84 0.85

ECNN 0.83 0.8 0.85 0.88

Table 4 represents the performance evaluation of different models in leaf disease detection, including
traditional machine learning techniques and deep learning-based ECNN. The models are assessed based on
accuracy, precision, F1-score, and recall to determine their effectiveness in classifying healthy and diseased
leaves. Among all models, ECNN demonstrates superior performance across all metrics, indicating its
capability to extract deep features and enhance classification accuracy. Traditional models such as
ANN,ViTs, and GNNs also perform well, but their effectiveness is comparatively lower than ECNN. The
results highlight the significance of deep learning approaches in achieving higher precision and recall for
accurate disease detection in plants [26].

6. Conclusion and Future Scope

The Enhanced Convolutional Neural Network (ECNN) model excels in plant leaf disease detection,
achieving high accuracy (85%), precision (89%), Fl-score (93%), and recall (92.47%), outperforming
traditional machine learning methods. Its early detection capability enables timely intervention, reducing
crop losses and promoting agricultural sustainability. By leveraging deep learning, ECNN enhances smart
agriculture by minimizing pesticide use and improving crop yields, making it a scalable and reliable solution
for modern disease management.

ECNN can be further improved by integrating with IoT-based smart farming systems using drones and
sensors enables real-time monitoring. Expanding its scope to multiple crops enhances versatility, while
deployment on edge and cloud platforms ensures accessibility. Training on diverse datasets improves
generalization, and a mobile app simplifies disease detection. Explainable Al (XAI) increases transparency,
while integration with advisory systems enables automated treatment recommendations, advancing precision
agriculture.

References

[1]Lu, J., Tan, L., & Jiang, H. (2021). Review on convolutional neural network (CNN) applied to plant leaf disease
classification. Agriculture, 11(8), 707.

[2] Bangari, S., Rachana, P., Gupta, N., Sudi, P. S., & Baniya, K. K. (2022, February). A survey on disease detection
of a potato leaf using cnn. In 2022 Second International Conference on Artificial Intelligence and Smart Energy
(ICAILS) (pp. 144-149). IEEE.

[3] Alam, T. S., Jowthi, C. B., & Pathak, A. (2024). Comparing pre-trained models for efficient leaf disease detection:
a study on custom CNN. Journal of Electrical Systems and Information Technology, 11(1), 12..

[4] Mehta, S., Kukreja, V., & Yadav, R. (2023, June). Advanced mango leaf disease detection and severity analysis
with federated learning and cnn. In 2023 3rd International Conference on Intelligent Technologies (CONIT) (pp. 1-6).

ISSN : 2581-7175 Page 2580

©IJSRED: All Rights are Reserved



International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 3, May-June 2026
Available at www.ijsred.com

IEEE.

[5] Kaur, P., Mishra, A. M., Goyal, N., Gupta, S. K., Shankar, A., & Viriyasitavat, W. (2024). A novel hybrid CNN
methodology for automated leaf disease detection and classification. Expert Systems, 41(7), e13543..

[6] Lanjewar, M. G., & Parab, J. S. (2024). CNN and transfer learning methods with augmentation for citrus leaf
diseases detection using PaaS cloud on mobile. Multimedia Tools and Applications, 83(11), 31733-31758..

[7] Khandaker, M. A. A., Raha, Z. S., Islam, S., & Muhammad, T. (2025). Explainable Al-Enhanced Deep Learning
for Pumpkin Leaf Disease Detection: A Comparative Analysis of CNN Architectures. arXiv preprint
arXiv:2501.05449.

[8] Jahin, M. A., Shahriar, S., Mridha, M. F., & Dey, N. (2025). Soybean Disease Detection via Interpretable Hybrid
CNN-GNN: Integrating MobileNetV2 and GraphSAGE with Cross-Modal Attention. arXiv preprint
arXiv:2503.01284.

[9] Oni, M. K., & Prama, T. T. (2025). Optimized Custom CNN for Real-Time Tomato Leaf Disease Detection. arXiv
preprint arXiv:2502.18521.

[10] Chowdhury, M. J. U., Mou, Z. 1., Afrin, R., & Kibria, S. (2025). Plant Leaf Disease Detection and Classification
Using Deep Learning: A Review and A Proposed System on Bangladesh's Perspective.

[11] Sankhe, S. R., & Ambhaikar, A. (2025). Plant disease detection and classification techniques: A review.
Multiagent and Grid Systems.

[12] Prashanthi, B., Krishna, A. V. P., & Rao, C. M. (2025). A Comparative Study of Fine-Tuning Deep Learning
Models for Leaf Disease Identification and Classification.

[13] Ghannam, N. E., El Zein, O. M., Fathy, D. R., & Mancy, H. (2025). Enhanced Detection of Bean Leaf Diseases
Using a Stacked CNN Ensemble with Transfer Learning.

[14] S.Chowdhury, & Das, D. K. (2025). Harnessing the Potato leaf disease detection process through proposed
Conv2D and resnet50 deep learning models.

[15] Lam, M. D., Truong, Q. B., Nguyen, C. N., & Thanh, T. K. N. (2025). Cucumis Melo L. Leaf Diseases
Identification Using a Convolutional Neural Network.

[16] Uday, K., Venkateswarlu, G., Ramesh, G., & Bojjwar, S. (2025). An Al-driven Robust Strategy for Automated
Grape Leaf Disease Classification with Pesticide Recommendation System using Walrus- Optimized CNN. In E3S
Web of Conferences (Vol. 616, p. 02021).

[17] Khandaker, M. A. A., Raha, Z. S., Islam, S., & Muhammad, T. (2025). Explainable Al-Enhanced Deep Learning
for Pumpkin Leaf Disease Detection: A Comparative Analysis of CNN Architectures.

[18] Bhatt, D., Patel, C., Talsania, H., Patel, J., Vaghela, R., Pandya, S., Modi, K., & Ghayvat, H. (2021). CNN
Variants for Computer Vision: History, Architecture, Application, Challenges and Future Scope. Electronics, 10(20),
2470. https://doi.org/10.3390/electronics 10202470

[19] Lu, J., Tan, L., & Jiang, H. (2021). Review on convolutional neural network (CNN) applied to plant leaf disease
classification. Agriculture, 11(8), 707.

[20] Balasundaram, A., Sundaresan, P., Bhavsar, A., Mattu, M., Kavitha, M. S., & Shaik, A. (2025). Tea leaf disease

ISSN : 2581-7175 ©IJSRED: All Rights are Reserved Page 2581



International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 3, May-June 2026
Available at www.ijsred.com

detection using segment anything model and deep convolutional neural networks. Results in Engineering, 25,
103784.

[21] Tiwari, S., Gehlot, A., Singh, R., Twala, B., & Priyadarshi, N. (2025). Design of an improved model for finger
millet leaf disease detection with raspberry Pi using multimodal data acquisition and precision-aware CNN. Results in
Engineering, 25, 103969.

[22] Sujatha, R., Chatterjee, J. M., Jhanjhi, N. Z., & Brohi, S. N. (2021). Performance of deep learning vs machine
learning in plant leaf disease detection. Microprocessors and Microsystems, 80, 103615.

[23] Das, D., Singh, M., Mohanty, S. S., & Chakravarty, S. (2020, July). Leaf disease detection using support vector
machine. In 2020 international conference on communication and signal processing (ICCSP) (pp. 1036-1040). IEEE.

[24] Bhatia, A., Chug, A., & Singh, A. P. (2020, February). Hybrid SVM-LR classifier for powdery mildew disease
prediction in tomato plant. In 2020 7th International conference on signal processing and integrated networks (SPIN)
(pp. 218-223). IEEE.

[25] Patil, P., Yaligar, N., & Meena, S. M. (2017, December). Comparision of performance of classifiers- svm, rf and ann
in potato blight disease detection using leaf images. In 2017 IEEE international conference on computational
intelligence and computing research (ICCIC) (pp. 1-5). IEEE.

[26] Gupta, S., Aeri, M., Kukreja, V., & Mehta, S. (2024, March). Tomato Leaf Disease Detection: Deciphering
Disease Severity with CNN-RF Intelligence. In 2024 IEEE International Conference on Contemporary Computing
and Communications (InC4) (Vol. 1, pp. 1-6). IEEE.

ISSN : 2581-7175 ©IJSRED: All Rights are Reserved Page 2582



