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THE PROBLEM STATEMENT 
Rice is a major staple crop, and its yield is highly affected by diseases such as leaf
blast, brown spot, and bacterial leaf blight.The early symptoms of these diseases are
very small and difficult to identify through manual observation.Farmers often
detect the disease only after it spreads widely, which leads to crop damage and
increased pesticide use.Traditional detection methods rely on expert field
inspection, which is time-consuming and not always available.

Our goal:
Develop a machine learning model that can detect rice leaf diseases from leaf
images at an early stage, helping farmers reduce crop loss and improve crop
management.



LITERATURE REVIEW 
K-Means + Traditional ML (KNN, Naive
Bayes, Decision Tree)                    2020 

ResNet / VGG16 / VGG19 —
pretrained deep models            2022

Solution developed
Captured rice leaf images, converted RGB
to HSV, applied K-Means to segment
diseased regions
Extracted color, texture, and GLCM
features, then classified using KNN, Naive
Bayes, or Decision Tree (J48)
Detected diseases like Rice Blast, Brown
Spot, and Bacterial Leaf Blight —
accuracy up to ~92.9%

Shortcomings
Tested only on lab images with plain
backgrounds — fails in real field
conditions
Manual feature extraction — cannot learn
new patterns automatically
Limited to 3–4 disease types; not scalable

CNN-based deep learning
classification                                2020

Solution developed
Used CNN models trained on rice leaf
image datasets to automatically
classify diseases
Replaced manual feature extraction —
CNN learns features directly from
images
Achieved better generalisation than
traditional ML on slightly varied
images

Shortcomings
Still trained on small, clean datasets —
overfitting is a concern
No real-time mobile deployment —
only lab experiments
Poor performance on early-stage or
overlapping disease symptoms

Solution developed
Used pretrained ImageNet
models (ResNet50, VGG16/19)
fine-tuned on rice disease
datasets
Transfer learning reduced the
need for very large datasets
Achieved 91–94% accuracy on
test sets covering 4–6 disease
classes

Shortcomings
Heavy models — not suitable for
deployment on mobile or edge
devices
Training and inference is slow
without GPU infrastructure
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Why multiple models?
To identify the best performer for hybrid feature space
To compare:

Linear vs non-linear models
Distance-based vs ensemble methods
Probabilistic vs margin-based learning

Final Observation
Random Forest performed best overall
SVM showed strong but slower performance
KNN struggled with high-dimensional PCA space
Naive Bayes underperformed due to feature independence assumption





Final model: Random Forest
Achieved 95% accuracy on the test dataset.
Performance evaluated using:

Accuracy Score, Precision, Recall, F1-Score
Cross-Validation
Confusion Matrix
Classification Report

PCA-based dimensionality reduction improved computational efficiency while maintaining high accuracy.

          Model Effectiveness :
High validation and test accuracy showed strong generalization capability.
Confusion matrix indicated effective classification across all 5 disease classes.
Data augmentation and preprocessing reduced overfitting and improved robustness.

     PERFORMANCE METRICS



RESULTS 
The hybrid ML model (MobileNetV2 + texture, shape & color features) with
Random Forest achieved strong and stable performance(~92% accuracy) on
unseen data, showing good generalization.
The system delivers consistent classification across all rice disease classes with
minimal overfitting.
It provides an added advantage of interpretable severity estimation (Healthy →
Advanced stage) based on lesion intensity.
Overall, the approach is accurate, explainable, and suitable for real-world
agricultural disease monitoring.
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