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Abstract—Rice is one of the most important food crops in
the world, and rice production is greatly influenced by
diseases like Bacterial Leaf Blight, Brown Spot, Blast,
Sheath Blight, and Tungro. It is often difficult to detect
diseases in remote areas due to the unavailability of
experts. In this paper, a novel rice leaf disease detection
system with minimal resources is suggested by using
knowledge distillation. In this paper, a teacher model
with a ResNet50 backbone is utilized to train a
lightweight CNN student model with 91.8K parameters
and a model size of 0.35 MB, which achieved an accuracy
of 99.29%. The model is robust to brightness changes
and has fewer training samples, ensuring the reliability
of the model in real-world scenarios. Moreover, the
model is enhanced by the addition of Grad-CAM, which
helps to increase the transparency of the model.

I. INTRODUCTION

Rice is one of the primary food crops in the world.
Rice cultivation is affected by several leaf diseases,
including bacterial blight, blast, and brown spot. These
can cause serious damage if not identified in the early
stages. Conventional methods of rice leaf disease
detection involve manual inspection by experts. This
is a tedious and impractical approach, especially in a
smart agricultural environment.

In recent times, rice leaf disease detection using
computer vision has gained more attention due to the
rapid development of deep learning techniques.
Convolutional Neural Networks (CNNs) have been
reported to deliver high accuracy in image
classification problems. However, deep learning
architectures, including ResNet and Inception, require
high computational power, which makes it difficult to
implement in real-time environments, especially on
mobile devices. Therefore, a lightweight rice leaf
disease detection system using knowledge distillation
is proposed in this work. The proposed system uses a
high-accuracy teacher model, which can be used to
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train a lightweight student model. The use of Grad-
CAM also provides a visual explanation of the system,
which can be used to increase trust in the system.

II. RELATED WORK

In recent years, there has been a rapid pace of work on
applying deep learning techniques to agricultural
applications, especially with reference to rice leaf
disease detection. In this area, Bijoy et al. (2024) have
introduced a novel technique wusing a deep
convolutional neural network along with an enhanced
dataset to detect rice leaf diseases. The technique has
been successful because it was designed with
sustainability as a prime objective. The approach has
been successful because of the robust feature
extraction capabilities along with a well-curated
dataset. This technique has been successful because it
has been able to detect diseases at an early stage,
which helps to prevent losses to the agricultural sector
as well as to prevent the overuse of pesticides, thereby
supporting sustainability.

In a similar vein, Babu et al. (2022) studied the
efficacy of standard deep learning architectures such
as VGG16 and ResNet in identifying rice leaf diseases.
Their primary aim was to propose efficient approaches
that can run on mobile platforms to facilitate their
usage in the field. This aligns with the concept of smart
farming. Although their approaches were less
advanced compared to recent techniques, their focus
on efficiency and ease of use makes their contribution
significant in the development of recent approaches.
In addition to recent developments in agricultural-
related artificial intelligence approaches, knowledge
distillation has also been recognized as a significant
technique in developing efficient variants of complex
artificial intelligence approaches. Moslemi et al.
(2024) presented a comprehensive overview of recent
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developments in knowledge distillation. Their
contribution was significant in that they presented a
classification of knowledge distillation approaches
based on student-teacher configurations, learning
modes such as offline, online, and self-knowledge
distillation, and application domains. They also
discussed significant challenges in knowledge
distillation approaches and future directions.

In this area, Mehnaz and Islam (2025) have introduced
a comparative study on using CNNs, Transformers, as
well as classical machine learning techniques for rice
leaf disease detection. From this study, it has been
ascertained that although using Transformers has been
successful because of the attention mechanisms,
CNNs are advantageous because they are
computationally efficient.

Expanding the application of KD beyond traditional
domains, Abbasi et al. (2024) explored its use in IoT
traffic classification. By distilling a large teacher
model into a lightweight student model, the study
demonstrated that high classification accuracy could
be maintained even with reduced computational
demands. This approach is especially valuable in edge
computing scenarios where resource constraints are
prominent. Their findings validate the broader
applicability of KD in real-world systems, particularly
in low-latency and energy-sensitive environments
such as IoT networks.

Together, these studies illustrate the diverse
applicability and growing importance of deep learning
and knowledge distillation. In agriculture, tailored
deep models like dCNNs and attention-driven
architectures are revolutionizing disease detection,
while in systems and networking, KD is proving
critical for developing scalable and efficient Al
solutions. These dual trajectories underscore a broader
trend in Al research—towards sustainability,
efficiency, and practical deployment.

III. METHOD/APPROACH

This section presents the end-to-end methodology of
our rice leaf disease detection system, encompassing
dataset preparation, model design using knowledge
distillation, robustness evaluation, interpretability
analysis, and deployment strategy.

3.1 Dataset Preparation and Augmentation The
foundational dataset for our study is based on an
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enhanced dataset proposed in the paper titled
“Towards Sustainable Agriculture: A Novel Approach
for Rice Leaf Disease Detection Using dCNN and
Enhanced Dataset”. In that paper, the authors
addressed the problem of insufficient and unreliable
public datasets for rice leaf disease detection by
curating a new dataset through the combination of
existing sources and manual image collection. The
Enhanced Rice Leaf dataset used in this study is
available at .

Table 1: Dataset Composition and Splits

Class Train | Validation | Test
Bacterial Leaf Blight 1228 351 175
Brown Spaot 1077 308 153
Blast 50 145 73
Sheath Blight 430 123 Gl
Tungro G673 1492 96

The final enhanced dataset comprises 5,593 images
categorized into five disease classes: bacterial leaf
blight, brown spot, blast, sheath blight, and Tungro.
Table 2 presents the class-wise distribution. The
dataset was divided into three subsets for training,
validation, and testing as outlined in Table 3.

(b) Brown Spot
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(c) Blast

Fig. 1: Representative disease samples from the
enhanced dataset.

Table 2: Class-wise Distribution of Final Dataset

Dizease Class Number of Images |
Bacterial Leaf Blight 1754

Brown Spot 1548

Blast T2

Sheath Blight 14

Tungro il

Total 5593
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Table 3: Dataset Split

Split Number of Images | Notes

Training 3158 Slightly imbalanced
Walidation 1277 Balanced across all classes
Testing #50 Balanced across all classes

Knowledge Distillation Framework Knowledge

Distillation (KD), first introduced by Hinton et al., is a

powerful model compression and transfer learning

technique designed to address the limitations of
deploying large-scale deep learning models in
resource-constrained ~ environments. It involves
training a compact, low-complexity student model to
replicate the behavior of a large, high-performing
teacher model. This is typically done by minimizing
the divergence between the output distributions (soft
targets) produced by the teacher and those of the
student[11]. Unlike traditional training methods that
rely solely on hard labels (one-hot encoded vectors),
KD utilizes the softmax outputs of the teacher model,
which are softened using a temperature parameter T:
exp(i/T)
4= > expl(z;/T)

Here, zi represents the logit (pre-softmax activation)

for class i, and T is the temperature parameter. A

higher T produces a softer probability distribution,

expos ing relationships between classes and encoding

the teacher’s confidence. During distillation, the

student is trained to minimize a combined loss
Lxp = (1 -a) Lep(y.p) +a- T Lxi(g. q.)

Where,

e LCE is the cross-entropy loss between the true
label y and the student’s prediction ps,

e LKL is the Kullback-Leibler divergence between
the teacher’s soft targets qt and the student’s soft
predictions gs,

e o controls the balance between hard and soft loss
components,

T is the temperature that controls the smoothness
of the probability distributions.

3.2 Teacher Model Architecture The teacher model is

based on the ResNet50 architecture, known for its

deep residual connections and strong feature

extraction capability. Training is done in two stages:

e  Phase 1: Train top layers with frozen base.

e  Phase 2: Fine-tune last 30 layers with a lower
learning rate.
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3.3 Student Model Design The student model is a

compact S-layer CNN designed for deployment on

edge devices. It incorporates

e Depth wise Separable Convolutions to reduce
complexity.

e Residual Connections to retain feature richness
and aid gradient flow.

With only 91.8K parameters and a model size of 0.35

MB, it offers high efficiency with minimal

performance drop. The model architecture for Custom

CNN is given in Figure 3. 7

Trainable Layer/Weights
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Fig. 2: ResNet50 architecture used as the teacher
model

3.4 Robustness Evaluation We assessed the model’s
reliability under:

» Lighting Variations: +20% brightness to simulate
different sunlight conditions.

* Limited Training Data: Performance evaluated with
40%, 50%, and 60% of the training data.

3.5 Interpretability ~ Analysis  For  model
interpretability, we employed Grad-CAM to visualize
class-specific attention. These heatmaps highlight
which image regions influenced the model’s
prediction, aiding user trust and explainability. 4.7
Training Protocol The following configuration was
used for training both models:

* Optimizer: Adam with learning rate 1 x10—4

* Batch size: 32

* Early stopping: Patience = 15

* Temperature (T): 2

* Loss weight (a): 0.3

3.6 End-to-End Pipeline
The full pipeline integrates image preprocessing,
training, evaluation, and deployment. A web and
mobile interface allows users to upload leaf images for
real-time disease classification using the student
model via a backend API

IJIRT 195519

Inpat Layer
(206 = 20 = 3 )

o2y (F=3, 32)
BN 4+ Rel1] 4 NMNasPool

Separabde ConwELR (G4 )
BN 4 RelU) 4 MaxPool

Hesiclunl Bbosck:
Twewo SeparableCone2ID (G4
4 Skipr <4 BN 4 Rel.ll -+ MsocP ol

*

Sceparablel oo 21TF {125
BN + el + NNiaxTrool

¥

Sceparablel Tonow21TF [E56)
BN + Felll + NMiaxTFool

L

CGhodeml A Poosdiogs

*

Deemsee (1285 4 Dirogqeoart (L5

¥

Demee (Solfltmmacs, 5 ] acsmes )
Chagpst

Fig. 3: Custom CNN Student Model Architecture
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Fig. 4: Lighting variations: (a) Original (b)-20%
brightness (c) +20% brightness

IV. DISCUSSION

This section discusses the interpretation of the
experimental results and evaluation of the suggested
model in comparison to existing models.

Based on the experimental results, it is observed that
the knowledge-distilled student model has achieved
high accuracy in classification, with a value of
99.29%, while maintaining a reduced model size in
comparison to existing models like ResNet50 and
VGGleé.
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Moreover, the robustness analysis has shown the
consistency of the model in terms of brightness
variation and limited training conditions, which is
important in real-time agricultural scenarios where
brightness is not fixed.

In comparison to existing models, the suggested model
has achieved better results in terms of accuracy and
efficiency, since some models have achieved higher
accuracy, but with a large model size, which is not
suitable in real-time scenarios.

However, certain limitations are observed. In some
cases, Grad-CAM visualizations indicate attention
outside the exact lesion regions, suggesting potential
dataset bias or misinterpretation by the model.
Additionally, performance slightly degrades under
extreme lighting conditions, indicating scope for
improvement.

Overall, the proposed approach successfully bridges
the gap between high-performance models and real-
world deployment constraints, though further
enhancements in robustness and interpretability can
improve reliability.

V. CONCLUSION

This project aims to develop a comprehensive solution
to design a lightweight, interpretable, and deployable
model to carry out rice leaf disease detection. This is a
crucial problem in agriculture. This project was able to
successfully train a model to approximate the
performance of a high-accuracy model by employing
a knowledge distillation framework. The system
utilizes Convolutional Neural Networks and depth-
wise separable convolution to design a student model
that is computationally efficient and highly accurate.
Additionally, the system utilizes Gradient-weighted
Class Activation Mapping to meet the rising need to
ensure model explainability. This allows farmers to
understand the predictions made by the model. The
model was extensively tested on the standard set of
images. Additionally, images with low and high
lighting conditions were used to evaluate the
performance of the model.. Experiments with reduced
training data demonstrated that knowledge distillation
could effectively compensate for limited data
availability, thereby offering a scalable and data-
efficient solution. In sum, this work contributes to the
field of smart agriculture by bridging the gap between
high-performance Al and field-level practicality. The
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combination of lightweight model design, data-
efficient training, and interpretability makes the
proposed solution particularly well-suited for real-
world deployment in edge environments. Moving
forward, the framework provides a solid foundation
for future advance ments involving multi-teacher
learning, multimodal fusion, and advanced distillation
strategies
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