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Abstract - Rice crops in India face significant threats from diseases caused by
bacteria, fungi, and other pathogens, which lead to considerable crop losses.
Traditional methods for detecting these diseases rely on manual inspections,
which are time-consuming, prone to errors, and require expert knowledge. Given
the vast agricultural areas and a shortage of specialists, these conventional
approaches are inadequate for effective disease management. This study
proposes an automated detection system using the ResNet-50 convolutional
neural network (CNN) model with a transfer learning approach to classify rice
leaf diseases accurately. Utilizing a real-time dataset from the Raipur region with
six disease classes, ResNet-50 achieved high performance, with a training
accuracy of 99.71% and a testing accuracy of 97.57%. In contrast, a VGG16
model achieved a lower testing accuracy of 91.63%. Our results demonstrate that
ResNet-50’s deep learning capabilities make it a highly effective tool for accurate
disease identification, potentially transforming rice disease management
practices.
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1 Introduction

Accurate and timely diagnosis of rice diseases is crucial for sustainable agriculture,
particularly in India, where rice is a staple crop. Traditional visual inspections by
experts face challenges due to climate change and evolving pathogens. Deep learning,
especially convolutional neural networks (CNNs), offers a powerful solution by
efficiently processing visual data for plant disease classification. Among CNNs,
ResNet-50 stands out for its high accuracy and ability to handle complex patterns,
addressing the vanishing gradient problem that often affects deep networks. Its
residual learning framework enables detailed image data analysis, making it highly
effective for detecting intricate rice disecase symptoms, such as those seen in rice
blasts, bacterial blight, and sheath blight. Early detection through ResNet-50 can
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facilitate timely interventions, minimizing crop losses. This study examines the
effectiveness of ResNet-50 compared to VGG16 model for automating rice disease
detection and supporting sustainable agriculture.

The impact of rice diseases extends beyond yield reductions; it disrupts food
security and economic stability in rice-dependent regions. This necessitates innovative
diagnostic tools that integrate precision, scalability, and cost-effectiveness. While
VGG16 is a simpler architecture, its strength lies in its ability to capture fine-grained
features, making it suitable for image -classification tasks involving moderate
complexity. Comparing these architectures allows researchers to assess trade-offs
between accuracy, computational efficiency, and model interpretability.

In recent years, the adoption of digital agriculture has transformed the approach to
crop monitoring. High-resolution imaging combined with advanced algorithms has
enabled non-invasive disease detection at scale. By leveraging transfer learning
techniques, both ResNet-50 and VGG16 can be fine-tuned to suit domain-specific
applications, such as rice disease diagnosis, using relatively small datasets. This
ensures that the models are adaptable to diverse conditions, including variations in
lighting, disease stages, and crop varieties.

Moreover, the integration of deep learning with IoT and drone technology has
opened new avenues for real-time surveillance of large agricultural fields. These
advancements underscore the importance of developing robust models capable of
delivering reliable results under dynamic field conditions. This study contributes to
the growing body of knowledge by not only evaluating the diagnostic capabilities of
ResNet-50 and VGG16 but also highlighting the need for interdisciplinary approaches
in addressing agricultural challenges.

Ultimately, the insights gained from this research have broader implications for
sustainable agricultural practices. By reducing dependency on manual inspections and
improving the speed of disease detection, these models can help farmers make
informed decisions, optimize resource use, and enhance crop productivity .This work
aims to bridge the gap between cutting-edge technology and practical solutions for
real-world agricultural issues.

2 Related Work

Traditional machine learning models like SVM have been used for plant disease
detection, but they often require manual feature extraction and struggle with complex
image patterns, achieving modest accuracies for rice leaf classification in [1]. The
machine learning techniques to detect wheat leaf rust and finding limited success with
support vector regression has been identified in [2].

CNNs overcome these limitations through automated feature extraction,
enhancing classification performance. For instance, demonstrated the efficiency of
CNNs in [3] plant disease classification. In [4] applied InceptionResNetV2 for rice
disease detection, achieving 95.67% accuracy using transfer learning.

ResNet-50 has been particularly effective for similar tasks. Used ResNet-50 with
transfer learning to identify mildew in millet, achieving 95% accuracy. Its deep
architecture and residual learning framework allow it to capture complex features,
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overcoming challenges like the vanishing gradient, which are common in deep
networks in [5][6][7].

The Neural network-based plant disease identification model supported by weather
data augmentation and multi-level attention mechanism an innovative approach to
plant disease detection. It introduces the PPLC-Net model, which integrates weather
data augmentation to enhance the robustness of disease identification in [8][9]. A
multi-level attention mechanism is employed to focus on critical features, improving
classification accuracy in [10].

The model addresses challenges in variable environmental conditions and provides
a significant step forward in precision agriculture multi-level deep information feature
fusion extraction network for interpretable plant disease classification presents a novel
deep learning framework for plant disease classification in [11][12].

It leverages deep information extraction and spatial attention mechanisms to
identify and classify diseases effectively. The study demonstrates the model's
effectiveness using datasets of plant diseases, showcasing its potential in precision
agriculture in [13]Image and text-based cross-modal feature fusion model for
wolfberry pest recognition presents an innovative approach to pest recognition in
wolfberry crops. It introduces a cross-modal fusion model that integrates image and
text data to enhance pest identification accuracy in [14].

The study leverages machine learning techniques to combine visual and descriptive
features, improving robustness in complex agricultural scenarios. Published in
Computers and Electronics in Agriculture (Elsevier), it addresses challenges in pest
detection with real-world applicability in [15, 16].

While traditional models like SVM and K-NN lack automated feature extraction,
CNN models like InceptionResNetV2 improve accuracy. ResNet-50’s deeper layers
and residual framework provide superior feature extraction. This study employs
ResNet-50 for its robustness and enhanced capability in accurately detecting rice
diseases.

3 Rice Disease Types

3.1  Dataset description

RGB images of paddy leaves were collected from actual fields near Raipur and Durg
districts in Chhattisgarh, India, from February to April 2021, when the paddy crops
were 30 to 70 days old. A CAT S62 Pro Smartphone with a built-in camera was used
to capture high-resolution images. The initial dataset included approximately 15,000
JPEG images, each with a pixel resolution of 1,080 by 1,440. After careful
examination, inferior and duplicate images were removed, resulting in a final dataset
of 4,024 images.

Each image was manually annotated in collaboration with an agricultural officer
from IJKV Raipur, focusing on the presence of disease symptoms and assigning
appropriate class labels. The final dataset consisted of six classes: five corresponding
to different diseases and one for healthy leaves. The identified paddy diseases
included Bacterial Leaf Blight, Brown Spot, False Smut, Leaf Blast, Sheath Blight,
and Healthy and sample images in fig.1
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The collection process involved challenges like poor field illumination conditions,
which were managed during labeling and preprocessing. The dataset was split into
80% for training, 10% for validation, and 10% for testing, allowing a comprehensive
evaluation of the model’s performance. The initial classification function was
implemented using VGG16 for comparison before applying ResNet-50 in the current
study.
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Fig.1. Sample dataset of rice crop leaf images (a-c) Brown Spot (d-f) Bacterial leaf blight (g-1)
Rice blast (j-1) Sheath blight (m-o) False smut

Sample Rice disease images mentioned (see Fig.1).such as Brown Spot, Bacterial leaf
blight, Rice blast, Sheath blight, False smut.

3.2 Image Pre-processing and Augmentation

The raw input data is enhanced to boost model accuracy and efficiency by facilitating
meaningful insights. In this study, the collected dataset images, which have RGB
coefficients ranging from 0 to 255 and varying dimensions, were rescaled and resized
for uniformity. During preprocessing, the pixel values of the images were normalized
to a range of 0 to 1 and resized to 224 x 224 x 3 pixels. To augment the training
dataset, various image enhancement techniques were employed, including rotation,
vertical and horizontal flipping, shearing, and random zooming, utilizing the Image
Data Generator class.

4 Model building

4.1 VGG16 & Resnet-50 with transfer learning

Fig.2. illustrates the architecture of the VGG16 model for rice disease detection. The
model takes an input image of a rice leaf and processes it through multiple
convolutional layers (Convl 2 to Conv6 2) with max pooling layers for feature
extraction. These convolutional layers capture spatial features essential for disease
classification. The extracted features are then passed through fully connected layers,
where the model classifies the image into one of six categories: Brown Spot, Leaf
Blast, Sheath Blight, False Smut, Bacterial Leaf Blight, and Healthy. The hierarchical
structure of convolutional layers enhances the model’s ability to learn intricate
patterns, improving classification accuracy.
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Fig.2. VGG16 model architecture.
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This VGG16 neural network features 13 layers shown in Fig. 2 and 6 max-pooling
layers, organized into sequential blocks. It includes 2 fully connected layers followed
by a SoftMax layer for classification. The architecture uses a total of 16 weight layers,
which is why it is named VGG16.This design emphasizes depth with small 3x3
convolutional kernels and ReLU activation. Input images are resized to 224x224x3.
The architecture employs a sequential arrangement of convolution, activation, and
pooling layers for effective feature extraction. The convolutional layers utilize 3x3
filters with strides to capture essential features from the input images, incorporating
filters with adjustable weights. The ReLU activation function is selected to prevent
saturation and improve model performance. Max pooling layers, with a 3x3 window
and a stride of 2, reduce dimensionality by selecting the maximum value within each
area of the feature map affected by the filter. Following feature extraction, a flattening
layer transforms the data into a one-dimensional array for the fully connected layer,
while the final layer employs a SoftMax activation function to produce probabilities
for each class, assigning the highest probability to the target class.

VGGI16 is a simpler architecture with 16 weight layers, using sequential 3x3
convolutions and max-pooling, while ResNet-50 has 50 layers and employs residual
connections to address the vanishing gradient problem. ResNet-50 is more
parameter-efficient and achieves better accuracy on modern tasks. VGG16 is easier to
understand and implement but less computationally efficient, whereas ResNet-50 is
preferred for transfer learning and production environments due to its flexibility and
faster convergence. Overall, ResNet-50 is more advanced and suitable for complex
deep learning applications.
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Fig.3. Resnet-50 Architecture

Fig.3. illustrates the ResNet50 architecture for rice disease detection. The model
processes input images through a 7x7 convolutional layer followed by 3%3 max
pooling for initial feature extraction. It consists of multiple residual blocks with 1x1
and 3%3 convolutions, structured in 3, 4, 6, and 3 layers, enabling deep feature
learning. A 1x1 convolution with 2048 filters and average pooling refine feature
representation before classification through a SoftMax layer into seven classes. The
skip connections in ResNet50 enhance gradient flow, making it more effective for
accurate rice disease classification.

ResNet-50 was fine-tuned by modifying the last two layers to include a 128-node
Dense fully connected layer and a 6-node Dense Softmax layer for the output, with
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images resized to 224x224x3 pixels. Image augmentation techniques such as rotation
and flipping were utilized through the Image Data Generator class. The model was
compiled using the Adam optimizer alongside the categorical crossentropy loss
function, and training was conducted for a maximum of 200 epochs. Overall,
ResNet-50 offers substantial advantages in depth, feature extraction, and performance,
making it an ideal choice for complex applications in areas such as agriculture

4.2  Justification for the Chosen Model

ResNet-50°s transfer learning capabilities further enhance its applicability. By
fine-tuning a pre-trained ResNet-50 model on a smaller dataset, we can achieve high
accuracy while significantly reducing training time. This efficiency is essential for
practical applications in agriculture, where rapid and accurate disease identification
can lead to better crop management and reduced losses.

5 Parameters for evaluation and Experimental Analysis
The following metrics to analyze the performance of various models;
5.1  Confusion Matrix

The correct detections (also known as true positives), misdetections (also known as
false negatives), true negatives, and false positives, we can evaluate the performance
of the models with the indicators including the Accuracy, Precision, Recall, and F1
Score as in equations 1, 2, 3 and 4.

It works well for a balanced dataset and calculates the evaluation's closeness with the
actual value.

Accuracy=(TP+TN)/TP+FP+TN+FN) )
Precision=TP/(TP+FP) 2)
Recall=TP/(TP+FN)

(3)

F1—score=2TP/(2TP+FP+FN) 4

The analysis will aid in developing a consistently effective model for recognizing
plant leaf diseases. The evaluation metrics rely on the elements of true positives (TP),
true negatives (TN), false positives (FP), and false negatives (FN).

5.2  Experimental Setup

The experiment was conducted using a Windows 11 PC, with GPU resources
provided by Google Colab, along with 16 GB of storage on Google Drive and a 64-bit
operating system. The training and validation of the deep neural networks were
facilitated by the Keras 2.8.3 framework and the TensorFlow backend.
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6 Results and discussion

This section presents the results obtained from the proposed methodology. Both a
fine-tuned pre-trained model and a VGG16 model were tested using training and test
sets.

6.1 Results and Discussion

According to the Fig. 4 presents the training and testing accuracy of ResNet-50 and
VGG16 models. ResNet-50 achieved a higher training accuracy of 99.71% compared
to VGG16's 94.51%. Similarly, in testing, ResNet-50 outperformed VGG16 with an
accuracy of 97.57%, while VGG16 achieved 91.63%. The results indicate that
ResNet-50 is more effective in both training and testing phases. The significant
accuracy gap highlights the advantages of deeper architectures likeResNet-50 in
image classification tasks.
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Fig.4. Training and test accuracy of the models

6.2  Error Analysis

The VGG16 model misclassified. Each misclassification is discussed in detail below,
categorized by disease type.

(a) Leaf Blast: Some images that belong to the Leaf Blast category are
incorrectly classified as Brown Spot due to blurriness. This confusion may arise from
the presence of small brown spots on the same rice leaf.

(b) Bacterial Leaf Blight: Images intended to represent Bacterial Leaf Blight
are misclassified as False Smut. This misclassification could result from poor lighting
conditions and image blurriness.

(©) Healthy: Healthy images are misclassified as False Smut, likely
because of blurriness and low contrast in the images.
(d) Brown Spot: Images classified as Brown Spot are incorrectly labeled as Leaf

Blast or Sheath Blight. This may occur due to the presence of small blast lesions,
which can resemble brown spot lesions.
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(e) False Smut: Images that actually depict False Smut are misclassified as
either Brown Spot or Healthy. The confusion could stem from small blast lesions that
look similar to brown spot lesions, compounded by blurriness and low contrast in the
images.

® Sheath blight: Images belongs to sheath blight but it is classified as
Brown Spot and false smut as the image is blurred. The reason could be the presence
of small brown spots in the same rice leaf

Observation: According Fig. 5, it produces significantly fewer false positives and
negatives, as observed from the confusion matrix, and Diagonal values are higher

Cornfusion matrix of FGGIT o

Fig.5. Confusion matrix for Proposed models of VGG16

Confusion Matrix of ResMet50

Fig.6. Confusion matrix for Proposed models of ResNet50

Observation: According to Fig.6, It produces significantly fewer false positives and
negatives, as observed from the confusion matrix, and Diagonal values are higher
compare with Fig. 5.
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Table 1.Performance of Confusion Matrix for models: VGG16 model

Disease Type Precision Recall F1 Score Total
BLB 0.93 0.94 0.94 536
Brown Spot 0.90 0.91 0.91 610
False Smut 0.87 0.95 0.91 627
Sheath Blight 0.89 0.85 0.87 205
Leaf blast 0.96 0.58 0.72 83
Healthy 0.80 0.62 0.70 125

Table 1 presents the performance metrics of the VGG16 model for different rice
disease types and healthy samples. The model demonstrates high precision, recall, and
F1-score for Bacterial Leaf Blight (BLB) (F1-score: 0.94) and Brown Spot (F1-score:
0.91), indicating strong classification accuracy for these diseases. False Smut also
achieves a high recall of 0.95, suggesting the model effectively identifies most
positive cases. However, Leaf Blast and Healthy samples show lower recall values
(0.58 and 0.62, respectively), implying some misclassifications in these categories.
The overall performance highlights the VGG16 model's effectiveness in detecting

major rice diseases while indicating areas for improvement in certain classes.

Table 2.Performance of Confusion Matrix for models: Resnet50 Model

Disease Type Precision Recall F1 Score Total
BLB 0.98 0.94 0.94 535
Brown Spot 0.99 0.98 0.98 621
False Smut 0.97 0.98 0.97 617
Sheath Blight 0.97 0.90 0.93 124
Leaf blast 0.97 0.96 0.96 89
Healthy 0.97 0.97 0.97 200

Table 2 presents the performance metrics of the ResNet50 model for different rice
disease types and healthy samples. The model exhibits consistently high precision,
recall, and F1-scores across all disease categories. Bacterial Leaf Blight (BLB) and
Brown Spot achieve an Fl-score of 0.98, indicating near-perfect classification.
Similarly, False Smut, Sheath Blight, and Healthy samples demonstrate strong

Fl-scores of 0.97 or higher, reflecting the model's robustness in detecting these
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conditions. Leaf Blast also shows excellent performance with an Fl-score of 0.96,
suggesting minimal misclassification.

Compared to the VGG16 model, ResNet50 outperforms in all categories, achieving
greater consistency and higher accuracy. Its superior precision and recall across all

disease types make it a more reliable choice for rice disease detection.
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Fig.7. Performance Graphs of VGG16
According to Fig. 7, the VGG16 model's training and validation accuracy are plotted
over 200 epochs. The training accuracy (blue line) shows a rapid increase in the initial

epochs and stabilizes close to 1.0, indicating effective learning. The validation

accuracy (red line) follows a similar trend but fluctuates around 0.92,
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The ResNet50 model achieves high training accuracy (99%)* and validation accuracy
(97%), indicating strong learning capability. However, the validation accuracy
fluctuates,

Observation: In Fig. 8 RESNET-50 Training and validation curves are moving closely
whereas in VGG16 model curves are not moving together we could observe in Fig: 7

7 Summary and Discussion

This study evaluates the performance of VGG16 and ResNet50 models for rice
disease detection, focusing on classification accuracy, training efficiency, and
robustness. Fig.2 illustrates the VGG16 architecture, which processes input images
through multiple convolutional layers with max pooling for feature extraction. The
extracted features are classified into six categories: Brown Spot, Leaf Blast, Sheath
Blight, False Smut, Bacterial Leaf Blight, and Healthy. Fig.3 presents the ResNet50
model, which includes residual connections and deep feature learning, enhancing
classification accuracy.

Table 1 highlights the performance metrics of the VGG16 model, showing high
precision and recall for Bacterial Leaf Blight (Fl-score: 0.94) and Brown Spot
(F1-score: 0.91). However, it struggles with Leaf Blast (recall: 0.58) and Healthy
samples (recall: 0.62), indicating misclassification in these categories. On the other
hand, Table 2 demonstrates that ResNet50 achieves consistently high Fl-scores
across all disease types, with Bacterial Leaf Blight and Brown Spot scoring 0.98 and
others above 0.96.

The training and validation accuracy trends are plotted in Fig. 7, where the VGG16
model shows a rapid increase in training accuracy but fluctuates around 0.92 in
validation, suggesting generalization issues. In contrast, ResNet50 achieves higher
training (~99%) and validation (~97%) accuracy, though minor fluctuations indicate
sensitivity to specific disease categories.

Fig. 4 compares training and testing accuracy, revealing that ResNet50
outperforms VGG16 with 99.71% training accuracy and 97.57% testing accuracy,
whereas VGG16 achieves 94.51% training and 91.63% testing accuracy. This
significant accuracy gap emphasizes the advantages of ResNet50’s deeper architecture
and residual learning, which improve feature extraction and classification
performance.

Overall, ResNet50 proves to be a more reliable and robust model for rice disease
detection, effectively reducing misclassification. Future improvements can focus on
refining hyperparameters, expanding datasets, and incorporating advanced
augmentation techniques to enhance model generalization further.

8 Conclusion

In this study, a pre-trained ResNet-50 deep convolutional neural network was
employed with transfer learning to detect key rice leaf diseases, including Bacterial
Leaf Blight, Brown Spot, False Smut, Leaf Blast, Sheath Blight, and a healthy class.
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The results indicate that ResNet-50 achieved an optimized accuracy of 98.57% after
fine-tuning essential hyperparameters and training for 200 epochs, underscoring its
effectiveness in feature extraction and classification compared to simpler models. In
contrast, the VGG16 Model, also fine-tuned, achieved a lower accuracy of 91.63%.
Despite these promising outcomes, certain limitations persist. Traditional machine
learning approaches, such as SVM and K-NN, often fail to capture the complex visual
patterns necessary for accurate detection of rice diseases, primarily due to their
reliance on manual feature extraction and limited depth.

Future work will focus on broadening the model's scope to include additional rice
and plant leaf diseases, thereby enhancing its applicability. The incorporation of
drones for dataset collection is planned, along with the exploration of object detection
algorithms to precisely localize and identify diseased regions within images.
Furthermore, nature-inspired optimization techniques, such as genetic algorithms and
particle swarm optimization, could be employed to automatically select the most
effective hyperparameters for fine-tuning the CNN, aiming to improve performance
and adaptability across various agricultural environments and with Mobile
Application.

References

1. Lu, Y., Yi, S., Zeng, N., Liu, Y. Zhang, Y.: Identification of rice diseases using deep
convolutional neural networks. Neurocomputing 267, 378-384 (2017).

2. Zhang, W., Hansen, M.F., Volonakis, T.N., Smith, M., Smith, L., Wilson, J., Ralston, G.,
Broadbent, L., Wright, G.: Broad-leaf weed detection in pasture, 3™ IEEE International
Conference on Image, Vision and Computing (ICIVC), pp. 101-105. Chongging, China
(2018).

3. Liang, W.C., Yang, Y.J., Chao, C.M.: Low-cost weed identification system using drones.
In: 7th IEEE International Symposium on Computing and Networking Workshops
(CANDARW), pp. 260-263. Nagasaki, Japan (2019).

4. Krishnamoorthy, N., Prasad, L.N., Kumar, C.P., Subedi, B., Abraha, H.B., Sathishkumar,
V.E.: Rice leaf diseases prediction using deep neural networks with transfer learning.
Environmental Research 198, 111275 (2021).

5. Thakur, P.S., Khanna, P., Sheorey, T., Ojha, A.: Trends in vision-based machine learning
techniques for plant disease identification: A systematic review. Expert Systems with
Applications 208, 118117 (2022).

6. Xu, M., Kim, H., Yang, J., Fuentes, A., Meng, Y., Yoon, S., Park, D.S.: Embracing limited
and imperfect training datasets: Opportunities and challenges in plant disease recognition
using deep learning. Frontiers in Plant Science 14, 1225409 (2023).

7. Jiang, Z., Dong, Z., Jiang, W., Yang, Y. Recognition of rice leaf diseases and wheat leaf
diseases based on multi-task deep transfer learning. Computers and Electronics in
Agriculture 186, 106184 (2021).

8. Attri, I., Awasthi, L.K., Sharma, T.P.: Machine learning in agriculture: A review of crop
management applications. Multimedia Tools and Applications 83(5), 12875-12915 (2024).

9. Bhargava, A., Shukla, O.P., Goswami, M.H., Alsharif, P., Uthansakul, M., Uthansakul, M.:
Plant leaf disease detection, classification, and diagnosis using computer vision and
artificial intelligence: A review. IEEE Access 12, 37443-37469 (2024).

10. Sankaran, S., Mishra, A., Ehsani, R., Davis, C.: A review of advanced techniques for
detecting plant diseases. Computers and Electronics in Agriculture 72, 1-13 (2010).



Empowering Precision Agriculture 249

11. Arsenovic, M., Karanovic, M., Sladojevic, S., Anderla, A., Stefanovic, D.: Solving current
limitations of deep learning-based approaches for plant disease detection. Symmetry 11(7),
939 (2019).

12. Duan, Y., Liu, F., Jiao, L., Zhao, P., Zhang, L.: SAR image segmentation based on
convolutional-wavelet neural network and Markov random field. Pattern Recognition 64,
255-267 (2017).

13. Azadbakht, M., Ashourloo, D., Aghighi, H., et al.: Wheat leaf rust detection at canopy
scale under different LAI levels using machine learning techniques. Computers and
Electronics in Agriculture 156, 119-129 (2019).

14. Dai, G., Fan, J., Tian, Z., Wang, C.: PPLC-Net: Neural network-based plant disease
identification model supported by weather data augmentation and multi-level attention
mechanism. Journal of King Saud University-Computer and Information Sciences 35(5),
101555 (2023).

15. Dai, G., Tian, Z., Fan, J., Sunil, C.K., Dewi, C.: DFN-PSAN: Multi-level deep information
feature fusion extraction network for interpretable plant disease classification. Computers
and Electronics in Agriculture 216, 108481 (2024).

16. Dai, G., Fan, J., Dewi, C.: ITF-WPI: Image and text-based cross-modal feature fusion
model for wolfberry pest recognition. Computers and Electronics in Agriculture 212,
108129 (2023).

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Empowering Precision Agriculture: A Deep Learning Comparison for Rice Disease Detection



