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Abstract: Accurate classification of diseases in paddy crops is vital for ensuring agricultural productivity and food security. However,
limited labeled data often hinders the development of robust classification models, particularly in agricultural settings. In this paper, we
propose a novel approach to enhance disease classification in paddy crops by leveraging a pre-existing model initially designed for
nutrient deficiency classification. Transfer learning is utilized to adapt the knowledge acquired from nutrient deficiency classification and
enhance the performance of disease classification. Our method addresses the challenge of scarce labeled data by effectively transferring
knowledge between related tasks. Experimental results demonstrate the efficacy of the transfer learning approach, revealing significant
progress in accuracy and robustness compared to conventional methods. This research contributes to the advancement of automated
disease detection systems in agriculture, fostering sustainable crop management practices and food production. By effectively leveraging
models trained on related tasks, we can accelerate the development of Al tools for precision agriculture, ultimately contributing to
increased crop yields, reduced resource waste, and more sustainable farming practices. The implications of this research extend beyond
paddy crops, offering a blueprint for applying transfer learning to a wide range of agricultural challenges.
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1. Introduction Addressing this challenge, our research proposes a novel
approach to enhance disease classification in paddy crops by
leveraging transfer learning. Transfer learning has emerged as a
powerful technique to transfer knowledge from a source domain
to a target domain, effectively mitigating the data scarcity issue
by leveraging pre-existing models trained on related tasks. In our
approach, we capitalize on a pre-existing model specifically
designed for nutrient deficiency classification in paddy crops.
Nutrient deficiency and disease symptoms in crops often exhibit
visual similarities, making the nutrient deficiency classification
model a suitable candidate for adaptation to disease classification
tasks. By transferring the knowledge learned from nutrient
deficiency classification, we aim to improve the performance of
disease classification models, thereby addressing the challenge of
limited labelled data in agricultural settings.

In this paper, we present the methodology and experimental
results of our proposed transfer learning approach for disease
classification in paddy crops. We demonstrate the effectiveness
of our method through extensive experimentation, comparing its
performance against traditional methods. Assess the efficiency of
transfer learning in reducing the need for large, disease-specific

Automated disease classification in agricultural crops,
particularly in paddy crops, plays a crucial role in ensuring global
food security and sustainable agricultural practices. Accurate and
timely identification of diseases can enable early intervention,
minimizing crop losses and optimizing yield [1-3]. However,
developing robust disease classification models poses significant
challenges, primarily due to the scarcity of labelled data in
agricultural contexts. Traditional methods often rely on manual
inspection, which is labour-intensive, subjective, and prone to
human error. Plant leaf disease identification has substantial
agricultural benefits. However, this task remains problematic
owing to the scarcity of artificial intelligence for farming
applications [4-8]. In recent years, deep learning techniques have
shown promise in automating disease detection tasks, leveraging
large-scale labelled datasets and advanced neural network
architectures. Nonetheless, the availability of labeled data
remains a bottleneck, especially for niche agricultural tasks such
as disease classification in paddy crops.

* Research Scholar, Department of Computer Science, GITAM datasets and computational resources. Our findings highlight the
School of Science, GITAM Deemed to be University, potential of transfer learning to enhance disease detection systems
Visakhapatnam, Andhra Pradesh, India, Assistant Professor, in agriculture, paving the way for more efficient and accurate
Srinivasa Ramanujan Institute of Technology, Ananthapuramu, crop management practices. Through this research, we contribute
Andhra Pradesh, INDIA to the advancement of automated agricultural systems, fostering
ORCID ID: 0000-0002-5319-457X sustainable food production and agricultural resilience in the face

2 Department of Computer Science, GITAM School of Science, of evolving environmental challenges.

GITAM Deemed to be University, Visakhapatnam, Andhra

Pradesh, India 2. Literature Survey

ORCID ID: 0000-0001-9631-6402 Previous research has explored various machine learning
* Corresponding Author techniques for disease classification in paddy crops, including
Email:pobbatti.veeraprakash@gmail.com convolutional neural networks (CNNs) [9-11], support vector

machines (SVMs) [12-14], and ensemble methods. Transfer

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2024, 12(3), 4388-4395 | 4388



learning has emerged as a promising approach to overcome the
limitations of limited labeled data by leveraging knowledge
learned from related tasks.

Paddy crops are susceptible to a variety of diseases and nutrient
deficiencies, each capable of significantly reducing yield and
quality. Diseases such as blast, bacterial blight, and sheath blight,
alongside deficiencies in key nutrients like nitrogen, phosphorus,
and potassium, pose recurrent challenges to farmers worldwide.
Traditional methods of diagnosis rely on physical inspection and
the expertise of agronomists, which are not scalable to the vast
expanses of paddy fields across the globe. Recent literature
highlights the need for more efficient, accurate, and scalable
solutions to these problems, with a growing consensus pointing
towards technology-driven approaches [15, 16].

The application of artificial intelligence, particularly machine
learning and convolutional neural networks (CNNs), has shown
promising results in the classification of plant diseases and
nutrient deficiencies. Studies by [17, 18] have demonstrated the
potential of CNNs to achieve high accuracy in identifying
specific diseases and deficiencies in crops, including paddy.
These technologies offer the possibility of automating the
diagnostic process, thus reducing reliance on human expertise
and allowing for more timely and effective interventions [19].
Transfer learning has emerged as a powerful tool in machine
learning, particularly when data is scarce or when training a
model from scratch is computationally intensive. By leveraging
pre-trained models on related tasks, researchers have found that
transfer learning can significantly improve performance in new,
but similar, tasks. For instance, [20] successfully applied transfer
learning to classify crop diseases using models initially trained on
generic image datasets. However, the application of transfer
learning using models pre-trained on nutrient deficiency data to
classify crop diseases remains underexplored, particularly within
the context of paddy crops.

While there is extensive research on the application of machine
learning to agricultural problems, and some studies have begun to
explore the potential of transfer learning in this domain, there is a
noticeable gap in research specifically focused on leveraging
nutrient deficiency classification models for disease detection in
paddy crops. Most studies treat disease and nutrient deficiency
classification as separate challenges, not considering the potential
benefits of a combined approach through transfer learning. This
oversight presents an opportunity for significant contributions to
both the fields of precision agriculture and machine learning.
Theoretical frameworks supporting the use of transfer learning in
agriculture are still in development. The underlying assumption is
that the visual manifestations of nutrient deficiencies and diseases
in plants share common features that a machine learning model
can learn to recognize. This hypothesis aligns with the broader
understanding of transfer learning, where knowledge acquired in
one domain can be applied to another [21]. Practically, validating
this hypothesis could revolutionize the way agricultural diseases
are diagnosed, moving towards more integrated, efficient, and
scalable solutions.

The reviewed literature underscores the critical role of advanced
technologies, particularly Al and machine learning, in addressing
agricultural challenges. However, the specific application of
transfer learning from nutrient deficiency to disease classification
in paddy crops represents an underexplored area ripe for
investigation. This study aims to fill that gap, contributing not
only to the academic field but also offering practical solutions for
precision agriculture.

3. Methodology

In this study, we propose a transfer learning approach as shown in
the Fig. 1. to progress disease classification in paddy crops. We
utilize a pre-trained model originally designed for nutrient
deficiency classification in paddy crops as the starting point. The
learned features from the nutrient deficiency classification task
are transferred and fine-tuned for disease classification.
Specifically, we adapt the model's architecture and update the
weights using a small dataset of labeled images of diseased paddy
crops. The fine-tuned model is then evaluated on a separate test
dataset to assess its performance in disease classification.

Input

Fig.1. Proposed model approach for Disease Classification

3.1 Data Collection and Preparation

The foundation of any machine learning project lies in the
dataset. For this study, two primary datasets were compiled: one
consisting of images depicting various nutrient deficiencies in
paddy crops, and other featuring images of paddy crops affected
by different diseases. These images were sourced from
agricultural research institutes and publicly available datasets,
ensuring a diverse representation of conditions.

The data was then preprocessed, which included resizing images
to a uniform dimension and applying data augmentation
techniques such as rotation, flipping, and scaling to increase the
robustness of the model by simulating various conditions.

3.2 Model Selection and Baseline Training

A Convolutional Neural Network (CNN), known for its
effectiveness in image classification tasks, was chosen as the base
model. The initial model was trained exclusively on the nutrient
deficiency dataset. This phase involved selecting an appropriate
architecture (e.g., ResNet, InceptionVV3) based on its performance
in similar tasks and available computational resources.
Hyperparameters were fine-tuned through a series of
experiments, optimizing for accuracy and efficiency. The
performance of this nutrient deficiency classification model
served as the baseline for subsequent transfer learning
experiments.

3.3 Transfer Learning Process

The core of this study's methodology is the application of transfer
learning to adapt the nutrient deficiency classification model for
the task of disease classification in paddy crops as shown in the
Fig. 2.
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Fig. 2. Workflow of the transfer learning

The provided steps outline a comprehensive approach for
utilizing transfer learning in the context of paddy crop disease
classification. Here's how each step supports transfer learning:
Image acquisition of paddy nutrient deficiency: Transfer learning
begins with acquiring a dataset related to paddy nutrient
deficiency. This dataset serves as the foundation for pretraining
the CNN models. The images are taken from kaggle
rice_plant_lacks_nutrients dataset.

Pre-processing the Images: It's essential to preprocess the images
to ensure consistency and remove any noise or irrelevant
information before training the models. Preprocessing prepares
the data for effective learning by the CNN models.

Split the dataset into train, validate, and test datasets: Splitting
the dataset into training, validation, and testing subsets helps in
evaluating the performance of the trained models accurately. This
step ensures that the models generalize well to unseen data.

Table 1. Dataset partition of rice plant lack nutrients

Class Name Total Train Validate Test
Images
Phosphorous(P) 333 249 66 18
Nitrogen(N) 440 330 88 22
Potassium(K) 353 257 76 20
Total 1126 836 230 60

Given train, validate, and test datasets as input to each CNN pre-
trained model: Each pre-trained CNN model (e.g., VGG16,
ResNet50) is initialized with weights learned from a large dataset
(e.g., ImageNet). By providing the nutrient deficiency dataset as
input, the models learn to extract features relevant to paddy crops
from the provided images.

Compile models individually: Before training, each CNN model
needs to be compiled with appropriate loss functions, optimizers,
and evaluation metrics as shown in Table 2. Compiling the
models prepares them for the training process.

Table 2. models hyperparameters description with values

Train the models individually: The pre-trained CNN models are
then trained on the nutrient deficiency dataset. During training,
the models adapt their learned features to the specific
characteristics of the paddy crop images, leveraging the
knowledge gained from the pre-training phase.

Fine-tuning the generated model for disease classification: After
training, fine-tuning involves unfreezing some layers of the pre-
trained models and retraining them with a smaller learning rate on
the disease classification dataset taken from kaggle
rice_leaf_disease dataset and partition of dataset as shown in the
Table 3. Fine-tuning helps the models to specialize further in
distinguishing between different types of paddy diseases.

Table 3. Dataset partition of rice_leaf_disease

Class Name Total Train Validate Test
Images

Bacterial Blight 245 171 49 25

Leaf Smut 200 140 40 20

Brown Spot 245 171 49 25

Total 690 482 138 70

Hyperparam Description Value
eter

Input_shape | The shape of the input images (224,224,3)

num_classes | Number of classes in the 3
classification task

Epochs Number of training epochs 10

dropout_rate | Dropout rate for regularization 0.5

L2_weight Weight of L2 regularization 0.0001

Optimizer Optimizer used for model Adam
compilation

Loss Loss function used for model Categorical
compilation Cross_Entropy

Retrieve the output from the last layer of the trained model
obtained in step 6, and then utilize this output as input for the
paddy disease dataset: The output of the last layer of the pre-
trained models serves as a feature extractor. This output is used as
input to subsequent layers for disease classification, ensuring that
the models utilize the learned representations effectively.
Compile the model with the metrics shown in the table 2 iterating
with 50 epochs.

Train and validate the model with the train and validate dataset
of paddy disease: The fine-tuned models are trained and validated
on the paddy disease dataset to optimize their performance for
disease classification.

Evaluate the best model from the epochs: The performance of
each model is evaluated based on metrics such as accuracy,
precision, recall, and F1-score. The best model, typically
determined based on the validation set performance, is selected
for further analysis.

Generate the disease classification report of each model: Finally,
a disease classification report is generated for each model,
summarizing its performance on the test dataset and providing
insights into its ability to classify different types of paddy
diseases.

In summary, these steps demonstrate how transfer learning
leverages knowledge from pre-trained CNN models to enhance
the classification of paddy crop diseases, ultimately shows
variation progress in model performance and generalization.

3.4 Evaluation Criteria

The performance of the transfer learning model was evaluated
using several metrics, including accuracy, precision, recall, and
F1 score. These metrics provide a comprehensive view of the
model's effectiveness in classifying diseases in paddy crops.
Additionally, the model's performance was compared to the
baseline nutrient deficiency model and existing disease
classification models to assess the improvements facilitated by
the transfer learning approach.

Comparison experiments were carefully designed to ensure
fairness and accuracy in evaluation. The same preprocessing
steps, data splits for training and testing, and evaluation metrics
were used across all models for consistency.
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This detailed methodology section outlines the systematic
approach taken in this study to explore the potential of transfer
learning for disease classification in paddy crops, leveraging a
model initially trained on nutrient deficiency classification. By
clearly defining the data preparation, model training, transfer
learning process, and evaluation criteria, the study aims to
provide a reproducible and scientifically rigorous investigation
into the benefits of this approach.

4, Results

The conducted experiments to evaluate the proposed transfer
learning approach on a dataset of images containing both nutrient
deficiency and disease symptoms in paddy crops. We compared
the performance of the fine-tuned model with that of a model
trained from scratch on the disease classification task. The
proposed system utilizes T4 GPU from Google Colab with
support of the frameworks required.

4.1 Evaluation Metrics

The results demonstrate that the transfer learning approach
significantly acceptable with the baseline model in terms of
accuracy, precision, recall, and F1-score. Additionally, the fine-
tuned model exhibits improved generalization capabilities,
particularly in detecting rare or subtle disease symptoms.

VGG16

Fig. 3. The proposed model TL VGG16 (a)(b)(e)(f) and (c)(d)(g)(h)
represents the accuracy curves, loss curves including classification report
with confusion matrix of validation, testing data of rice plants lacks
nutrients and rice leaf diseases respectively.
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Fig. 4. The proposed model TL InceptionV3 (a)(b)(e)(f) and (c)(d)(g)(h)
represents the accuracy curves, loss curves including classification report
with confusion matrix of validation, testing data of rice plants lacks
nutrients and rice leaf diseases respectively.
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Fig. 5. The proposed model TL DenseNet121 (a)(b)(e)(f) and (c)(d)(g)(h)
represents the accuracy curves, loss curves including classification report
with confusion matrix of validation, testing data of rice plants lacks
nutrients and rice leaf diseases respectively.

Fig. 6. The proposed model TL ResNet50 (a)(b)(e)(f) and (c)(d)(g)(h)
represents the accuracy curves, loss curves including classification report
with confusion matrix of validation, testing data of rice plants lacks
nutrients and rice leaf diseases respectively.

The figures 3, 4, 5 and 6 depicts the proposed model accuracy,
loss curves including classification report with confusion matrix
of validation, testing data of rice plants lacks nutrients and rice
leaf diseases with transfer learning respectively.

Table 4 & 6 is a tabular representation of the provided results for
classifiers trained with transfer learning (TL) on the nutrient
deficiency dataset for nitrogen (N), phosphorous (P), potassium
(K) classification and in turn with rice leaf disease dataset for
bacterial leaf blight, brown spot, leaf smut classification
respectively.
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Table 4. The precision, recall and F1 score of TL models on rice plants lacks nutrients under task1

Classifiers Nitrogen(N) Phosphorous(P) Potassium(K)

with TL Precision  Recall f-score Precision Recall f-score Precision Recall f-score
ResNet50 0.73 0.59 0.65 0.67 0.50 0.57 0.35 0.78 0.48
DenseNet121 0.95 0.95 0.95 0.94 1.00 0.97 1.00 0.95 0.98
InceptionV3 0.91 0.91 0.91 0.89 0.84 0.86 0.85 0.89 0.87
VGG16 0.91 1.00 0.95 0.89 0.89 0.89 0.95 0.86 0.90

Table 5 offers a comprehensive overview of the performance of
the classifiers trained with transfer learning, demonstrating their
effectiveness in classifying the target variable. The high
precision, recall, and F-score values, along with the high accuracy
percentages, suggest that these classifiers performed well on the
nutrient deficiency classification.

Table 5. The Macro and Weighted averages of TL models on rice
plants lacks nutrients under task1.

Classifiers Macro Average Weighted Average Accu

with TL Precisi Recall f-score Precisi Recall f-score racy
on on

ResNet30(TL) | 0.58 062 057 065 058 059 58%

ool 097 097 097 097 097 097  97%

quptenvs 1 0gs 088 088 088 083 088  88%

VEGISTL) | 092 092 092 092 092 092 92%

Based on the provided metrics, DenseNet121(TL) stands out with
the highest precision, recall, and F-score (97% for macro average
and weighted average), indicating its effectiveness in accurately
classifying nutrient deficiencies. VGG16(TL) also performs well
with a precision, recall, and F-score of 92% for both macro and
weighted averages. ResNet50(TL) and InceptionV3(TL) exhibit
slightly lower performance compared to DenseNet121(TL) and
VGG16(TL), but still achieve reasonable accuracy levels (58%
and 88% respectively). The accuracy values for all models range
from 58% to 97%.

Table 7. The Macro and Weighted averages of TL models on rice
plants lacks nutrients under task2

Classifiers Macro Average Weighted Average Accu

with TL Precisi Recall f-score Precisi Recall f-score racy

on on
ResNetS0(TL) | 069 069 069 070 0.70 0.70  70%
(DTelf_‘)SGNetlzl 083 083 083 083 083 0.83 83%

:;1_f_e)Pti0nV3 053 055 048 073 0.56 0.61  56%

VGG16(TL) 069 069 069 070 0.70 0.70  70%

In the Table 7, the classifiers trained with transfer learning from
the nutrient deficiency model are evaluated for classifying
diseases. ResNet50(TL), DenseNet121(TL), and VGG16(TL)
maintain similar performance levels as in the nutrient deficiency
classification task, achieving macro and weighted average
precision, recall, and F-score of around 69% to 83%. However,

InceptionV3(TL) shows a significant decrease in performance
metrics when applied to disease classification, with macro and
weighted average precision, recall, and F-score dropping to 53%
to 61%. The accuracy values for ResNet50(TL), and VGG16(TL)
remain consistent at 70%. Where DenseNet121(TL) remains at
83% accuracy.

5. Discussion

The results indicate that while DenseNet121(TL), ResNet50(TL),
and VGG16(TL) models maintain their performance levels when
applied to disease classification after transfer learning,
InceptionV3(TL) demonstrates a notable decrease in
performance. This suggests that the effectiveness of transfer
learning from nutrient deficiency classification to disease
classification may vary depending on the specific model
architecture and dataset characteristics. Further analysis is
required to understand the reasons behind the observed
differences and to optimize the transfer learning process for
disease classification.

The comparative analysis with existing literature further
establishes the proposed model's relevance and progress in the
context of disease classification in paddy crops. The visual
representations not only corroborate the numerical findings but
also provide an accessible way for readers to grasp the study's
outcomes.

This approach offers a methodological advantage in scenarios
where collecting extensive disease-specific  datasets is
challenging. These findings contribute to the advancement of
precision agriculture technologies, offering potential for
significant impact on crop management and food security.

5.1 Summary of Key Findings

The research demonstrated that transfer learning significantly
enhances the model's ability to classify diseases in paddy crops,
with marked improvements in accuracy, precision, recall, and F1
score over baseline models trained solely on nutrient deficiencies
or disease images. Transfer learning from nutrient deficiency
classification to disease classification shows varied effectiveness
among different models. DenseNet121(TL), ResNet50(TL), and
VGG16(TL) models demonstrate robustness in maintaining
performance levels across tasks. InceptionV3(TL) exhibits a

Table 6: The precision, recall and F1 score of TL models on rice plants lacks nutrients under task2

Classifiers Bacterial leaf blight Brown_spot Leaf smut

with TL Precision  Recall f-score Precision Recall f-score Precision Recall f-score
ResNet50 (TL) 0.76 0.76 0.76 0.72 0.69 0.71 0.60 0.63 0.62
DenseNet121 (TL) 0.88 0.81 0.85 0.80 0.87 0.83 0.80 0.80 0.80
InceptionV3 (TL) 0.84 0.51 0.64 0.64 0.64 0.64 0.10 0.50 0.17
VGG16(TL) 0.76 0.76 0.76 0.72 0.69 0.71 0.60 0.63 0.62
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notable decrease in performance when applied to disease
classification, suggesting potential limitations in transfer learning
effectiveness for this specific model architecture.

Overall, the findings highlight the importance of selecting
appropriate models and understanding the nuances of transfer
learning for effective classification tasks in agricultural contexts.
Further research is needed to optimize transfer learning strategies
and enhance classification performance for disease detection in
crops.

5.2 Interpretation and Hypotheses

These findings validate the hypothesis that pre-trained models on
nutrient deficiencies can effectively transfer learned knowledge to
disease classification tasks, leveraging common visual features
between nutrient deficiencies and disease symptoms.

5.3 Comparison with Previous Work

For the Paddy Leaf Disease dataset from IEEE Dataport,
InceptionV3 achieved the highest accuracy of 98.25%. VGG16
achieved an accuracy of 79.86%. DenseNetl21 achieved an
accuracy of 74.01%. ResNet50 achieved an accuracy of 70.63%.

InceptionV3 performed significantly better on the IEEE Dataport
dataset compared to the rice leaf disease from Kaggle dataset,
indicating potential differences in dataset quality or
characteristics. DenseNet121 exhibited the highest accuracy
among the transfer learning models on the Kaggle dataset,
surpassing its performance on the IEEE Dataport dataset. VGG16
showed consistent performance between the two datasets, with
slightly higher accuracy on the IEEE Dataport dataset. ResNet50
achieved similar accuracy levels on both datasets.

The variations in performance across models and datasets
emphasize the importance of dataset quality, preprocessing
techniques, and model selection in achieving accurate
classification results. Transfer learning plays a crucial role in
adapting pretrained models to new datasets, but its effectiveness
can vary depending on dataset characteristics and model
architecture.

Overall, these comparisons highlight the need for careful
consideration of dataset characteristics and appropriate model
selection to achieve optimal performance in disease classification
tasks for different crop datasets.

5.4 Implications of the Research

The successful application of transfer learning in this context
offers several critical implications for the field of precision
agriculture and Al in farming.

Methodological Innovation: This study underscores the potential
of transfer learning as a powerful tool in agricultural Al,
particularly in scenarios where data for specific tasks is scarce or
hard to obtain.

Enhanced Crop Management: The improved disease
classification model has direct applications in precision
agriculture, enabling more timely and accurate disease detection,
which can lead to better crop management and reduced losses.

Scalability and Efficiency: By demonstrating that models can be
effectively repurposed across related tasks, this research suggests
a pathway toward more scalable and resource-efficient
approaches in developing Al solutions for agriculture.

5.5 Limitations

While the results are promising, they also highlight areas for
further investigation and development.

Broader Application: Future work could explore the application
of transfer learning across a wider range of crops and diseases,
further validating the approach's versatility and effectiveness in
agricultural contexts.

Integration with 10T Devices: Integrating the developed model
with 10T devices for real-time monitoring and disease detection
in fields could significantly enhance its practical utility, paving
the way for automated disease management systems.

Exploration of Other Transfer Learning Strategies: Investigating
other transfer learning techniques and architectures could yield
even more robust models, offering improvements in both
performance and computational efficiency.

In conclusion, this study contributes valuable insights into the
application of transfer learning for disease classification in paddy
crops, showcasing substantial improvements over traditional
methods. The findings not only advance the field of agricultural
Al but also offer practical solutions to pressing challenges in crop
management. As we look to the future, the integration of Al
technologies like the one developed in this study holds the
promise of transforming agricultural practices, enhancing food
security, and supporting sustainable farming methods worldwide.

5.6 Future Directions

Broadening the Application Scope to Include Various Crops and
Diseases: Although this study primarily targeted paddy crops,
the utilization of transfer learning principles extends to a wider
array of crops and disease types. Future research should consider
extending this approach to other vital crops such as wheat, maize,
and soybeans. Additionally, exploring a wider array of diseases,
including those with subtler symptoms, could further test the
robustness and versatility of the transfer learning model. Such
expansion would not only validate the model’s applicability
across different agricultural contexts but also contribute to a more
comprehensive understanding of its potential in global food
security efforts.

Integration with Real-time Monitoring Systems: The integration
of Al models with real-time monitoring systems, such as drones
and loT sensors, presents a promising avenue for future work. By
deploying models in real-time environments, researchers can
gather insights into the model's performance in varying field
conditions, which could lead to further refinements for accuracy
and reliability. This integration could also facilitate the
development of automated disease detection and management
systems, offering farmers timely and actionable information to
mitigate crop diseases effectively.

Exploring Advanced Transfer Learning Techniques: This study
utilized a relatively straightforward approach to transfer learning,
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focusing on feature extraction and fine-tuning of pre-existing
models. Future research could explore more sophisticated transfer
learning techniques, such as few-shot learning, domain
adaptation, and generative models, to overcome challenges
related to data scarcity and model generalization. Investigating
these advanced techniques could yield models that are not only
more accurate but also capable of adapting to new diseases or
crop varieties with minimal additional data.

Leveraging Multimodal Data Sources: Expanding the dataset to
include multimodal data sources, such as spectral imaging,
weather data, and soil health indicators, could enhance the
model's diagnostic capabilities. By incorporating diverse data
types, future models could learn to identify diseases and nutrient
deficiencies with greater precision, taking into account
environmental and contextual factors that affect crop health. This
holistic approach could lead to more nuanced and effective crop
management strategies.

Ethical Considerations and Accessibility: Future research should
also address ethical considerations and strive to increase the
accessibility of Al solutions in agriculture. This includes ensuring
that technologies developed are affordable and user-friendly for
farmers, especially in developing countries where resources may
be limited. Additionally, considerations around data privacy,
ownership, and the potential impact of automated systems on
agricultural labor should be explored and addressed.

Concluding Remark: The potential of transfer learning in
agricultural applications is vast and largely untapped. By
addressing these areas of future work, the research community
can continue to build on the foundations laid by this study,
driving innovations that not only advance scientific knowledge
but also have a tangible impact on the ground, improving crop
yields, farmer livelihoods, and food security worldwide.

6. Conclusion

In this paper presented a novel approach to enhance disease
classification in paddy crops using transfer learning from a
nutrient deficiency classification model. Our results highlight the
effectiveness of transfer learning in leveraging existing
knowledge to improve model performance, especially in
scenarios with limited labeled data. Future work could explore
further fine-tuning strategies, investigate the transferability of
models across different crops and diseases, and explore the
deployment of the proposed approach in real-world agricultural
systems.
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