
Srusti Management Review  Special Issue, 2024, PP |2020-26

A Deep Learning Approach for Wheat Rust Disease
Classification

Introduction

Wheat is one of the world’s most important
cereal crops, serving as a staple food source
for  a  significant  port ion of  the global
population. However, wheat cultivation faces
numerous challenges, including the prevalence
of various diseases that can significantly
impact crop yield and quality. Accurate and
timely identification of these diseases is crucial
for implementing effective disease management
strategies and ensuring food security.

After Paddy, wheat stands as a crucial staple
crop in India, covering approximately 30 million
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hectares with an annual production of around
103 million metric tons. Despite facing various
biotic stresses during cultivation, wheat rust
emerges as a particularly destructive threat not
only in India but also across global wheat-
growing regions.Stem rust and stripe rust have
the potential to lead to a complete crop loss of
up to 100%, while leaf rust can cause a
significant 45-50% reduction in crop yield
under favorable climatic conditions. In India,
the menace of stripe rust in wheat, caused by
Puccinia striiformis f. sp. tritici, looms over 10
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million hectares in Northern India.
Simultaneously, stem rust, induced by P.
graminis f.  sp.  tr itici,  poses a threat to
approximately 7 million hectares in Central and
Peninsular India.  In contrast,  leaf rust,
attributed to P. triticina, is widespread wherever
wheat is cultivated.

In recent years, advancements in machine
learning and computer vision technologies
have enabled the development of automated
systems for the detection and classification of
plant diseases. These systems leverage image
processing techniques to analyze visual
symptoms exhibited by plants and classify
them into different disease categories.One of
the crit ical a reas of research in wheat
cultivation is the classification of diseases
affecting the crop. Several types of diseases
commonly afflict wheat plants, including Leaf
Rust, Nitrogen Deficiency (NDeficiency),
Septoria ,  and general  states of health
categorized as ‘Healthy.’ Each disease exhibits
distinct visual symptoms on the leaves and
other  parts of the plant,  making them
distinguishable through image analysis
techniques.

Leaf Rust is caused by the fungus Puccinia
triticina and manifests as orange to reddish-
brown pustules on the leaves, leading to
reduced photosynthetic efficiency and yield
losses. NDeficiency, on the other hand, results
from insufficient nitrogen uptake by the plant,
leading to characteristic yellowing of leaves
and stunted growth. Septoria, caused by the
fungus Septoria tritici, is characterized by small,
dark-colored lesions with yellow halos on the
leaves, affecting the plant’s overall health and
productivity.

Efforts to develop automated systems for
wheat disease classification aim to leverage
machine learning algorithms, particularly
convolutional neural networks (CNNs), to
analyze images of diseased wheat plants and
accurately classify them into specific disease
categories. These systems have the potential
to revolutionize disease management practices

by providing farmers with rapid and reliable
tools for  early disease  detec tion and
intervention.

In this study, we present a comprehensive
analysis of wheat disease classification using
state-of-the-art machine learning techniques.
We explore the effectiveness of CNNs in
accurately identifying and classifying common
wheat diseases , including Leaf Rust ,
NDeficiency, Septoria, and Healthy states,
based on visual symptoms observed in plant
images.  Our findings contribute to the
development of automated solutions for wheat
disease management, with implications for
improving crop productivity and ensuring
global food security.

Wheat Rust Disease Classification contributes
to Sustainable Development Goal 1 (SDG 1) by
addressing key aspects of poverty eradication.
By accurately identifying and classifying
wheat rust diseases through machine learning
and computer vision technologies,  this
initiative aids in safeguarding wheat yields, a
crucial staple crop for many communities. By
mitigating crop losses due to disease, farmers
can secure their livelihoods and improve food
security for themselves and their families.
Moreover, by empowering farmers with tools
for early disease detection and management,
this approach enhances their resilience to
economic shocks and fosters sustainable
agricultural practices. Ultimately, Wheat Rust
Disease Classification supports SDG 1 by
promoting poverty reduction through
strengthened food security, economic stability,
and community resilience in agricultural
contexts.

Literature Review

Wheat, being a staple crop worldwide, faces
numerous challenges due to the prevalence of
various diseases that significantly impact crop
yield and quality. Detection and classification
of these diseases are essential for implementing
timely management strategies to mitigate yield
losses. In recent years, advancements in image
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processing and machine learning techniques
have revolutionized the field of wheat disease
detection, enabling accurate and efficient
identification of diseases. This literature review
summarizes key studies in the domain of wheat
disease detection with a focus on machine
learning-based approaches. Zhang et al.
proposes a deep learning-based approach for
wheat disease identificat ion using
hyperspectral imaging. The authors utilize a
convolutional neural network (CNN)
architecture to extract spectral features from
hyperspectral images of wheat leaves affected
by various diseases, including powdery mildew,
rust, and leaf spot. Experimental results
demonstrate the effectiveness of the proposed
system in accurately identifying wheat
diseases based on spectral signatures[1].
Barbedo et al. [2] presents a comprehensive
study on automated  detection and
classification of wheat diseases using CNNs.
The study explores the performance of different
CNN architectures, including VGG-16 and
Inception-v3, in identifying common wheat
diseases such as rust, powdery mildew, and
leaf blotch. Experimental results indicate the
superior performance of CNNs in accurately
classifying wheat diseases based on leaf
images compared to traditional machine
learning algorithms. Ghosal et al.[3] conduct a
comparative study on wheat  disease
classification using various CNN architectures,
including AlexNet, GoogLeNet, and ResNet.
The study evaluates the performance of these
architec tures in dis tinguishing be tween
healthy wheat plants and those affected by
diseases such as rust, powdery mildew, and
Septoria. Experimental results highlight the
effectiveness of deep learning-based
approaches in achieving high accuracy rates
in wheat disease classification tasks. Rahman
et al.[4] propose an ensemble deep learning-
based system for wheat disease identification,
leveraging multiple CNN models trained on
different subsets of data. The ensemble model
combines the predictions of individual CNN

models to improve overall accuracy and
robustness in detecting and classifying wheat
diseases. Experimental results demonstrate the
effectiveness of the ensemble approach in
achieving superior performance compared to
single-model architectures. Mehmood et al.[5]
investigate the application of transfer learning
and fine-tuning techniques for wheat disease
detection using pre-trained CNN models. The
study explores the effectiveness of transfer
learning from ImageNet and fine-tuning of CNN
architectures, such as ResNet and Inception-v3,
in accurately identifying wheat diseases based
on leaf images. Experimental results demonstrate
the efficacy of transfer learning-based
approaches in achieving high classification
accuracy with limited training data.

The researcher employed machine learning and
computer vision techniques to identify various
types of plant diseases. Netnail et al. conducted
a systematic literature review on the utilization
of computer vision and machine learning for
the detection of plant diseases.

Research Methodology

Establishing a Baseline:

During this phase, the foundational model
construction process takes place. A model is
crafted with predefined layers (such as
Convolutional, Dense, etc.), utilizing specific
activation functions, epoch settings, loss
functions, and other relevant parameters.
Subsequently,  the model undergoes
compilation, deployment, and evaluation to
assess its initial performance.

Enhancing the Model:

In this stage, the baseline model undergoes
iterat ive refinement by adjusting i ts
parameters. Utilizing graphical visualization
techniques,  the model’s accuracy and
performance are thoroughly examined and
optimized. Through this iterative process,
enhancements are made to elevate the model’s
effectiveness in classification tasks.
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This model in Figure 1 consists of four sets of
convolutional layers followed by max-pooling
layers, each with 32 filters, a kernel size of (3, 3),
and ReLU activation. After the convolutional
layers, a flatten layer is added to flatten the
output. Then, a dense layer with 64 neurons and
ReLU activation is added as the hidden layer,
followed by the output layer with 4 neurons and
softmax activation, assuming a classification task
with 4 classes.

This model architecture is more complex compared
to the previous one, with additional convolutional
and max pooling layers for feature extraction. The
dense layer with more neurons adds complexity

Figure 1: Proposed Model

Source : Primary source

to the model, potentially capturing more intricate
patterns in the data.

Experiment and result:

The models were constructed using the support
of Python libraries including Pandas, Keras, Sci-
kit learn, TensorFlow, and matplotlib. The local
workstation is equipped with an 11th Gen Intel(R)
Core(TM) i7-1165G7 @ 2.80GHz processor and
16.0 GB RAM (15.8 GB usable). Jupyter notebook
is used as an editor for all this implementation.

The provided output shows the training and
validation performance of a neural network model
across multiple epochs. The training and testing
accuracy is presented in figure 2 and 3.

Figure 2: Training Accuracy

Source: Primary Source
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Epochs: The model is trained for a total of 10
epochs. An epoch is one complete pass through
the entire training dataset.

Training and Validation Loss: The “loss” values
indicate how well the model is performing on the
training data during each epoch. Lower values
are better, as they indicate that the model’s
predictions are closer to the actual target values.
The “val_loss” values indicate the same for the
validation dataset, which is data not seen by the
model during training. This helps to assess how
well the model generalizes to unseen data.

Training and Validation Accuracy: The
“accuracy” values show the percentage of correct
predictions made by the model on the training
data during each epoch. Higher values indicate
better performance. Similarly, the “val_accuracy”
values represent the accuracy on the validation
dataset.

Initially, both training and validation losses are
relatively high, indicating that the model’s
predictions are far from the actual target values.
Correspondingly, the accuracies are low.

As training progresses (epochs 2-4), both training
and validation losses decrease, while accuracies
increase. This suggests that the model is learning
from the training data and improving its

Figute 3: Testing Accuracy

Source: Primary Source

performance on both seen and unseen data.From
epochs 5-10, the training and validation losses
continue to decrease, indicating further
improvement in model performance. The
accuracies also increase or remain high, indicating
that the model is effectively learning and
generalizing well to both the training and
validation datasets.Overall, the model
demonstrates good performance, with decreasing
losses and increasing accuracies across epochs.
However, it’s essential to monitor for signs of
overfitting, where the model may perform well on
the training data but poorly on unseen data. This
can be assessed by comparing the training and
validation metrics; if the validation metrics start
to degrade while the training metrics continue to
improve, it may indicate overfitting.

In summary, the output provides insights into
the training progress and performance of the
model, indicating its ability to learn from the data
and generalize well to unseen samples.This
statement indicates that as the model is trained
for more epochs, its ability to minimize the
difference between predicted outputs and actual
outputs improves. In other words, the model
becomes more accurate in its predictions over
time, as reflected by the decreasing loss
values.Lower loss values indicate that the model’s



Srusti Management Review  Special Issue, 2024, PP |2520-26

predictions are closer to the actual values,
suggesting better performance in terms of
minimizing prediction errors.

The validation loss is also decreasing, indicating
that the model is not only performing well on the
training data but is also generalizing well to
unseen validation data, which is crucial for model
effectiveness.This statement indicates that as the
model undergoes more training epochs, its ability
to correctly classify or predict the target labels
improves.Increasing accuracy values suggest
that the model’s predictions are becoming more
aligned with the actual labels in the training
dataset, resulting in higher proportions of correct
predictions.

This trend also applies to the validation dataset,
as indicated by decreasing validation loss and
increasing validation accuracy, suggesting that
the model is effectively learning and generalizing
well to unseen data.This statement highlights the
specific accuracy achieved by the model after 10
epochs of training.An accuracy of 96% indicates
that the model correctly predicts the target labels
for 96% of the samples in the training dataset.It
reflects the overall performance of the model on
the training data at the 10th epoch, demonstrating
its effectiveness in learning the underlying
patterns in the data.An accuracy of 94% suggests
that the model generalizes well to unseen data,
as it correctly predicts the target labels for 94%
of the samples in the testing dataset.The testing
accuracy provides an unbiased estimate of the
model’s performance on new, unseen data,
serving as a crucial metric for assessing its real-
world effectiveness.Overall, these statements
highlight the progressive improvement of the
model’s performance as training progresses,
culminating in high accuracies and low loss
values on both the training and testing datasets.
This indicates the effectiveness of the model in
learning and generalizing patterns from the data,
leading to accurate predictions on unseen
samples.

Conclusion

our wheat rust disease classification model has
demonstrated outstanding performance with a
training accuracy of 96% and a testing accuracy
of 94%. These results highlight the effectiveness
of employing deep learning techniques,
specifically convolutional neural networks, for
the automated detection and classification of
wheat rust diseases.The high accuracy rates
achieved by our model indicate its robustness in
accurately distinguishing between different types
of wheat rust diseases, which is crucial for early
intervention and effective disease management
strategies in agricultural settings.
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