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Abstract. Paddy cultivation is a cornerstone of agricultural production worldwide in India and
many other rice-growing regions. Efficient management of paddy fields is essential for
maximizing yield and assuring food security. Paddy leaf health is a critical indicator of the overall
condition of rice crops, as it reflects the presence of diseases, nutrient deficiencies, and pest
infestations. Accurate and timely prediction of paddy leaf health can significantly enhance crop
management methods by permitting farmers to take proactive measures. The first objective of
this research is to propose the DenseNet-121 model for predicting disease-affected paddy leaves.
The proposed DenseNet-121 model is trained using labeled datasets of healthy and diseased leaf
images. The proposed Densenet12] model optimizes resource use, reduces crop losses, and
enhances overall productivity compared with ResNet50. Densenet121 model is efficient in the
classification and identification of paddy leaf disease with a test accuracy of 97.16% compared

to ResNet50 and VGG-16 Deep Learning Models.
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1 Introduction

Paddy cultivation is a vital component of agriculture in India, providing food security
and aiding millions of farmers in their daily lives [1]. As one of the largest producers
and consumers of rice globally, India relies heavily on efficient rice production to meet
the dietary needs of its population. Paddy is cultivated extensively across India, with
significant production in states like Tamil Nadu, Andhra Pradesh Punjab, West Bengal,
Chhattisgarh and Uttar Pradesh [2]. Predicting the health and yield of paddy leaves is
crucial for efficient rice cultivation [3]. Symptoms such as discoloration, wilting, and
lesions on the leaves can signal underlying issues that may lead to significant yield
losses if not addressed promptly. Traditional methods of monitoring paddy leaf health
involve manual inspection and visual assessment, which can be laborious and prone to
errors leading to crop loss. Additionally, these methods may not provide timely infor-
mation for large-scale agricultural operations [4]. Machine learning models are capable
of analyzing complex datasets to find trends and forecasts potential issues more pre-
cisely than with conventional techniques[5]. Despite the promising potential of these
technologies, challenges remain in their widespread adoption and implementation. Is-
sues such as data pre-processing, noise removal in images, data integration, model ac-
curacy, and the accessibility of technology for smallholder farmers need to be addressed
[6]. Rice is mainly grown in regions with high rainfall and humidity. It thrives in areas
with a warm climate, requiring temperatures between 20°C and 37°C [7][8]. This in-
volves assessing the condition of the leaves to identify issues like nutrient deficiencies,
diseases, and pest infestations. Paddy leaves are a crucial indicator of plant health and
productivity [9] [10]. The integration of remote sensing technologies, such as satellite
photography and drone-based multispectral imaging, enables the collection of detailed
crop health data across large areas [11]. Technological improvements in recent years
have made it possible to predict paddy leaves more precisely and efficiently [12]. By
leveraging data on environmental conditions, crop characteristics, and historical disease
patterns, convolutional Neural Network models can provide early warnings and recom-
mendations for intervention, enabling farmers to optimize their use of resources and
improve yield outcomes [13][14]. Fig. 1. Factors for Paddy Leaf Diseases illustrates
the factors of Paddy leaf diseases [15-17].



274 V. Sahasranamam et al.

T Nitrogen Deficiency

Nutrient Deficiencies |—===——— Phosphorus Deficiency

— Potassium Deficiency

— Rice Blast
Diseases ] Bacterial Leaf Blight
R— Sheath Blight
— | Brown Planthopper
Pests ———] Stem Borer
R— Leaf Folder

Fig. 1. Factors for Paddy Leaf Diseases

1.1  Challenges in Paddy Leaf Disease Prediction

The complicated interactions between plant physiology, environmental conditions, and
external stresses make it difficult to predict the health and condition of paddy leaves
[18]. The following list includes some of the primary challenges in paddy leaf predic-
tion.

Variability of the Environment



Al-Driven Paddy Leaf Disease Classification and Prediction 275

Predictions become challenging when weather patterns change due to factors including
elevated temperatures, modified rainfall patterns, and extreme weather occurrences. It
can be difficult to create universal prediction models when local differences in temper-
ature, humidity, and soil moisture affect plant health [7][19].

Complex Interactions

It might be challenging to determine which factor is causing a plant's symptoms because
other causes, including pests, illnesses, and nutritional deficits, can all impact a plant
simultaneously. In response to stresses, plants display intricate physiological reactions
that might change depending on the growth stage and surrounding circumstances
[18][15].

Data Collection and Quality

The absence of extensive and high-quality datasets for training prediction models may
limit their accuracy and application. Variability in sensor readings and inconsistencies
in data gathering methods might add noise and reduce model reliability [19] [21].
Pre-processing of Images

Unwanted image backgrounds are to be removed before processing of images salt, pep-
per and gausiaan noise are to be removed [20][29].

The identification and categorization of paddy leaf diseases

Paddy leaf images are divided into multiple segments/partitions to locate the diseased
part and classify the disease for feature extraction [6] [20].

Technological Barriers

Rural locations may have limited access to new technologies such as drones, remote
sensing, and Al tools, which can impede prediction efforts. Small-scale farmers may
be unable to afford the hefty prices for obtaining and maintaining complex equipment
and software [21].

Model Complexity and Accuracy

Models trained on certain datasets may not generalize well to other places or conditions,
limiting their efficacy. Complex models, particularly those based on deep learning, can
be difficult to understand and may not deliver clear actionable insights [22][27].
Integration of Multisource Data

Combining data from several sources (such as drone images, satellite imaging, meteor-

ological data, and soil sensors) needs sophisticated methods for successfully integrating
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and analysing this information. Aligning data acquired across different timescales (for
example, daily weather data against seasonal growth data) presents additional issues
[23].

Human Factors

Farmers may lack the competence required to assess predictions and carry out suitable
interventions. Traditional farming attitudes and skepticism make it difficult to adopt

new technologies and techniques.

2 Literature Review

The author’s [19] R. Elakya and U. N. Videish. The study makes use of the five primary
discases that affect paddy plants: false smut, brown spot, sheath rot, sheath blight, and
rice blast. Employed and compared the deep learning models VGG16, VGG19, Incep-
tion-V3, and ResNet50. Convolutional neural networks are used in deep learning mod-
els to classify, and predict early illness symptoms in Paddy. Inception-V3 outperformed
the other four primary classifiers, VGG16, VGG19, ResNet50, and VGG16, with an
accuracy of 95.3%.

[24] Khan et al. (2020) used an ANN technique of a Multi-Layer Perceptron (MLP) to
estimate Mentha crop biomass based on an evaluation of field inventory data. They
suggested several criteria, including the spectral bands of the satellite information ob-
tained using the Operational Land Imager (OLI) of Landsat 8 to determine certain spec-
tral indices. RMSE (root mean square error) = 2.74 t/ha and R2 = 0.762 were the values
of the connection between the estimated biomass and the error for field-measured bio-
mass.

[25] The authors P. Kandukuri et al developed a prototype that reliably recognize if a
paddy plant is suffering from anyone of four distinct paddy illnesses or is in good
health. The prototype model has been developed and tested using auto encoders and a
publicly accessible thermal images dataset, and they were able to get the highest possi-
ble prototype accuracy of 90.6%. In the previous generation, 84.8% was achieved with-
out the usage of auto encoders.

To estimate agricultural yield utilizing a variety of datasets for meteorological charac-

teristics, [26] Bhojani and Bhatt (2020) constructed and further modified the MLP-NN
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coupled with using a revamped random weighting scheme with bias values and a new
activation function. Utilizing both freshly developed and currently in use activation
functions with specific weights and bias values, the MLP model was tested. A few basic
activation functions were suggested for this study after the outcomes of several activa-
tion functions were evaluated. They were the DharaSig, SHBSig, and DharaSigm for
improving the NN performance and rendering accurate results. Furthermore, such acti-
vation functions were created using some variations to the DharaSig function which
were the DharaSigl, DharaSig2, and DharaSig3. For this work of research, there were
variable hidden layers tested with different neurons for each hidden layer of an agricul-
tural dataset. The variable momentum values, learning rate, and seed were also used for
this work. The experiments proved they had better results than the ‘sigmoid’ default
neural network activation function of agriculture datasets.

[27] the writers Petchiammal et al A visual image collection for diagnosing paddy dis-
eases, called Paddy Doctor, is presented in this study. 13,876 annotated photos of paddy
leaves from 10 classes (nine illnesses and normal leaf) are included in our dataset. uti-
lizing two transfer learning methods, VGG16 and MobileNet, in conjunction with a
Convolutional Neural Network (CNN). MobileNet gets the maximum classification ac-
curacy of 93.83%, according to the trial data.

The Researchers [28] T. Kesavan et al find an appropriate deep learning model with
greater accuracy than the current protoype. The goal of this work is to predict paddy
leaf illnesses. Three CNN algorithms (AlexNet, ResNet, and Proposed Algorithm) are
available accuracy rate is 92%, 86.69%, and 96.33% respectively.
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The authors [32] Lamba et al. utilising a convolutional neural network (CNN). Support
Vector Machine (SVM) is used to identify and categorise the blast disease severity
level. In conclusion, the secondary resources used to generate datasets include Mende-
ley, Kaggle, GitHub, and UCI. There are 1908 images in the dataset. The accuracy of
the suggested hybrid model is 97%.

3 System Methodology

To detect the paddy leaf disease, this work used following System Methodology, which

is shown in Fig. 2. Process flow diagram.
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Fig. 2. Process flow diagram

3.1 Data Collection and Pre-Processing.

This research work used the Paddy Doctor dataset, which is a publicly available dataset
that is downloaded from GitHub and is specifically curated to diagnose diseases in
paddy (rice) plants. Such a dataset typically contains labeled images of paddy leaves
that show various symptoms of diseases, as well as images of healthy leaves. High-
quality photos of paddy leaves taken in a variety of settings, including varied lighting,
backgrounds, and viewpoints, are included in the collection. Images should represent a
variety of diseases, as well as healthy leaves, to provide a comprehensive training set
for machine learning models. A total of 16225 images with annotations related to paddy
diseases are included in the dataset. These diseases include Normal leaf, Blast, White
stem borer, Brown spot, Leaf Roller, Downy mildew, Hispa, yellow stem borer, and
Tungro. This work downsized the source images from 1080x1440 pixels to 480x640
pixels to facilitate model development and processing on desktop computers. Using
both visible and infrared cameras at the same time, 12 disease and 20 pest classifica-

tions were gathered for this paddy dataset. The description of the dataset is available in
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https://paddydoc.github.io/dataset. The suggested work makes use of a subset of this
dataset (10,407 annotated photos) that was used in the Kaggle competition at
https://www.kaggle.com/c/paddy-disease-classification/.

Raw paddy leaf images are pre-processed for machine learning using techniques like
scaling, color correction, noise reduction to improve image quality, and leaf segmenta-
tion to use thresholding or contour detection to separate the leaf region from the back-
drop in order to separate the leaves. To guarantee varied training data, pixel values are
supplemented (e.g., flipped, rotated) and normalized (e.g., 0—1). These procedures offer

regular steps for feature extraction and classification as inputs for model training.

3.2 DenseNet-121

One potent convolutional neural network (CNN) design that may function well for
paddy leaf disease detection is DenseNet-121. The DenseNet (Dense Convolutional
Network) architecture, which feeds information and gradients across the network in a
feed-forward fashion connecting each layer to every other layer, enables better feature
reuse and more efficient training. In this study, DenseNet-121 was utilized to predict
both healthy leaves and various paddy leaf diseases, including brown Spot, hispa, bac-
terial leaf blight dead heart, blast, bacterial leaf streak, bacterial panicle blight, Rice
tungro light, and Sheath Blight. The ImageNet dataset was used to pre-train the Dense-
Net-121 prototype, removing the fully linked layers at the top of the network, allowing
for the addition of custom classification layers. Every layer in the DenseNet takes inputs
from every layer that came before it, which promotes feature reuse, strengthens feature
propagation, and lowers the number of parameters. The number of classes in your
paddy leaf disease dataset should be substituted for this. If your dataset is tiny, freezing
the base model layers can help ensure that the pre-trained weights are not changed dur-
ing training. Fine-tuning the model using model 10 can help in adapting the pre-trained
weights more closely to your specific paddy leaf dataset. A trained Al model developed
using DenseNet-121 architecture can be found in the best densenet100.h5 file. This

model was created and tested to predict the condition of paddy leaves (e.g., by discrim-
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inating between healthy and diseased leaves). The model is stored in the best dense-
net100.hS file is the version that performed the best during training, and it can be loaded
later to make predictions on new images of paddy leaves.

Fig. 3 illustrates the DenseNet-121 Architecture.
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Fig. 3. DenseNet-121 Architecture

The model's input layer receives (224x224x3) input, which represents the RGB chan-
nels of pictures of paddy leaves. Layer of Convolution, By using convolutional and
batch normalization techniques to retrieve low-level information, the initial layers cre-
ate the foundation for further investigation. Features of paddy leaf images can be reused
thanks to Dense Blocks, and information flows through concatenation layers. For ex-
ample, dense blocks employ conv2 blockl concat to merge feature maps from many
layers. Batch normalization, max pooling, training, and computation are all enhanced
by dimension management. While drop out reduces over-fitting, batch normalization
ensures consistent scaling. Global Representation of Features, Global average pooling

summarizes high-level feature maps into compact vectors. Fully connected layers map
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characteristics to paddy disease classes, whereas Softmax offers probability estimates

for classification.

4 Experimental Results

All the analyses are carried out using tkinter, a Python binding to the Tk GUI toolkit
with TensorFlow. The PC runs on Windows 11 Pro, AMD Ryzen 5 3600, 6 Core Pro-
cessor 3.60 GHz 64-bit CPU with 24 GB of RAM.

4.1 Training and Testing Dataset Description

Table 1 Training and Testing Data

Paddy Disease Testing Training
Bacterial Leaf Blight 96 383
Bacterial Panicle Blight 76 304
Bacterial Leaf Streek 68 269
Blast 348 1390
Brown spot 193 772
Dead Heart 289 1153
Downy mildew 124 496
Hispa 318 1276
Normal leaf 352 1412
Tungro 217 871
Total 2081 8326

Testing + Training 10407
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4.2  Evaluation

Precision, F1-score, accuracy, and recall, metrics are used to assess the performance of
the proposed system.

Table 2 Performance Analysis

Dataset Algorithms Pre. Rec. F-Sc. Ace.
VGG-16 62.47 51.31 52.83 62.13
Paddy Doc- ResNet-50 94.73 94.14 94.37 94.81
tor Dataset
DenseNet - 97.24 96.73 96.98 97.16
121

Table 2 and Fig. 4 represents the Performance Analysis of the VGG-16, ResNet-50 and
Densenet-121 models. The experimental analysis shows that the DenseNet-121 model
achieves higher precision, recall, f-measure, and accuracy values than the ResNet-50

model.

PERFORMANCE ANALYSIS

B VGG-16 mResNet-50 m DenseNet-121

o
S5 =
s < 3
REC. F-SC.

Fig. 4. Performance Analysis
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Fig. 5 illustrates the Performance Analysis of the ResNet-50 and Densenet-121 models.
The experimental analysis shows that the DenseNet-121 model achieves higher preci-
sion, recall, f-measure, and accuracy values than the VGG-16 and ResNet-50 models.
The figure also illustrates the Epoch for DenseNet 121. This could illustrate the number
of training epochs (iterations over the dataset) and the DenseNet 121 model’s perfor-
mance evolves.
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Fig. 5. DenseNet 121 Epoch
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Fig. 7. DenseNet -121 Model Loss

Fig. 6 demonstrates the DenseNet -121 Model Accuracy. This could illustrate the num-
ber of training epochs (iterations over the dataset) and how the model’s performance
evolves. Typically, a plot like this would show the progression of training and valida-

tion accuracy over each epoch. Fig. 7 shows the DenseNet -121 Model Loss.
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Fig. 8. Confusion Matrix for DenseNet-121

The confusion matrix is shown in Fig. 8, and the diagonal dominance shows that the
model is performing well on most of the classes, implying that it can accurately dis-
criminate most classes. Still, there are a few classes with slight misclassifications, es-
pecially in closely related categories like "blast,” "normal," and "brown_spot." The ma-
jority of samples are correctly identified, suggesting that the model performs well
across most classes. The accuracy of the model is especially good for classes like
"blast," "dead heart," and "hispa." In comparison to conventional CNN:ss, it frequently

delivers excellent accuracy with reduced overfitting, especially with smaller datasets.
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5 Comparative Performance Analysis
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Fig. 9. Comparative Performance Analysis

The accuracy of 85.27% obtained by combining ResNet101, AlexNet, and VGG-
Netl16 in [33] suggests that these models might not be able to adequately capture aspects
unique to paddy diseases. The deeper design of the ResNet50 Paddy Health Identifica-
tion Model, which catches intricate patterns, is responsible for its greater accuracy of
92.83% in [34]. Due to its multi-scale design, which works well for intricate spatial
patterns, Inception-V3 outperformed in [35], attaining 95.30% accuracy. A group of
machine learning algorithms (DT, KNN, SVM, and LR) obtained 96.70% in [36], uti-
lising a variety of techniques to manage data variation. Outperforming all previously
assessed models, the suggested DenseNet-121 model achieved the greatest accuracy of
97.16% in our investigation (Fig. 9), proving that its dense connections and feature

reuse make it very useful for identifying fine-grained paddy diseases.
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6 Conclusion and Future Work

Paddy leaf disease prediction represents a transformative advancement in the field of
agriculture, particularly in rice cultivation. The integration of technologies like drone-
based multispectral imaging, and machine learning algorithms enables a comprehen-
sive understanding of crop health across extensive areas. This proactive approach al-
lows for the early detection of diseases, pests, and nutrient deficiencies, thereby mini-
mizing potential yield losses and reducing the reliance on reactive measures. Hence,
farmers and agricultural stakeholders can significantly improve their ability to monitor
and manage paddy fields. Paddy leaf disease prediction not only holds the potential to
revolutionize rice farming, but it also serves as a model for integrating technology into
agricultural practices globally, paving the way for a smarter and more sustainable future
in agriculture. This work proposed Densenet-121 for paddy leaf disease prediction. The
experimental analysis shows that the DenseNet-121 model achieves higher precision,
recall, f-measure, and accuracy values than the VGG-16 and ResNet-50 models. In the
future, this work's model will be improved and trained on real-time RGB drone photos,
evaluated, and loaded onto an Arduino or Raspberry Pi board mounted on the drone to
predict and categorize Paddy illness in real-time. The model may be deployed on Rasp-
berry Pi and Android by converting it to TensorFlow Lite format for the identification
and categorization of paddy leaf diseases in real time.

Acknowledgement: The author thanks DST-NMICPS, TiHAN IIT Hyderabad, for
supporting and sponsoring the project "Drone based Paddy Crop Management System
for Pest Control."
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