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Abstract- Deep learning's incorporation into the classification of plant diseases is a paradigm-shifting
advancement in agricultural practices with far-reaching ramifications for the safety of the world's food supply. This investigation
has brought to light the enormous difficulties that plant diseases present, underlining the crucial importance of early identification
and accurate classification for disease management. The scalability and accuracy of traditional approaches, which rely on human
judgment and subjective symptom interpretation, have been found to be lacking. Particularly, convolutional neural networks
(CNNs) have emerged as game-changing tools capable of automatically understanding subtle patterns from massive plant picture
collections and offering quick, scalable, and accurate disease identification solutions. Transfer learning solves data shortages and
significantly improves classification accuracy by using pre-trained networks and fine-tuning them with plant disease datasets. By
combining predictions from several models, lowering the likelihood of overfitting, and increasing overall accuracy, ensemble
approaches like bagging and boosting improve classification resilience. Models are better able to respond to changes in image quality
and lighting conditions thanks to the addition of synthetic plant images to the training dataset via Generative Adversarial Networks
(GANSs).On-field systems, mobile apps, remote sensing, and precision agriculture are a few examples of useful deep learning
applications in plant pathology that have the potential to transform how we identify and treat plant diseases. Although there are still
issues with model interpretability and data scarcity for rare diseases, deep learning's potential for classifying plant diseases is quite
promising. This field supports more productive and efficient agricultural techniques in addition to better disease control, bringing us
one step closer to a time when there will be more food security and less hunger throughout the world.
Keywords- Plant Disease classification, Deep learning, Convolutional Neural Networks.

l. INTRODUCTION
The global agricultural sector plays a crucial part in sustaining human life by guaranteeing the availability of key resources
including food, fiber, and everyday goods. This sector serves as the steadfast foundation on which human societies have
endured for millennia, meeting our dietary needs while also supporting the economies of many countries throughout the world.
The epidemic of plant diseases, however, poses a chronic and growing danger to the stability and production of this crucial
industry[1].
Plant diseases can cause a great deal of damage to crops because they can be caused by a wide range of pathogens, including
fungus, bacteria, viruses, and environmental factors. These illnesses have the potential to set off a series of unfavorable events,
such as decreased crop yields, large financial losses for agricultural players, and, in the worst case scenario, food shortages that
ripple throughout communities and entire countries[2]. In light of the world's population's rapid growth and the growing
uncertainties caused by climate change, it is not only prudent but also necessary to approach this problem with the greatest

efficiency and effectiveness[3].

© 2023, IJSREM | www.ijsrem.com | Page 1l



http://www.ijsrem.com/
mailto:deanacademic@mpct.org2

27 \33
%JSREN%? . . . . . .
-7 [Nternational Journal of Scientific Research in Engineering and Management (IJSREM)
wvmume: 07 Issue: 10 | October - 2023 SJIF Rating: 8.176 ISSN: 2582-3930

Bell Pepper Potato Tomato

p \\

Early Blight Early Blight Bacterial Spot
Disease

Late Blight Late Biight

Figure 1 Plant disease Classification
Agronomists and plant pathologists have historically been largely responsible for recognizing and managing plant diseases[2].
While their wealth of knowledge and hands-on experience continues to be priceless, the complexity and massive scope of the
current agricultural environment calls for more sophisticated and automated solutions. Deep learning integration, a branch of
artificial intelligence, stands up in this context as a particularly promising path for agricultural innovation[4]. Positioned within
the broader field of machine learning, deep learning has demonstrated impressive ability in a variety of fields, with its strength
particularly evident in computer vision applications. Deep learning, which uses neural networks with numerous layers, has the
inherent capacity to automatically identify subtle patterns and representations from large datasets, making it an excellent
choice for image-based categorization applications[5]. The agricultural industry stands to gain from robust systems that can
accurately and effectively identify and classify plant diseases based on visual indicators, including but not limited to leaf
discolorations, lesions, and other symptomatic manifestations, by incorporating deep learning methodologies into the field of
plant pathology[6].
This study launches a thorough investigation of the topic "Plant Diseases Classification Using Deep Learning." We will
explore the many difficulties that plant diseases present, stress the importance of early detection and accurate categorization,
and critically evaluate the drawbacks of conventional techniques of disease identification as we make our way through this
area[7]. Our journey will gradually acquaint us with the complex world of deep learning, illuminating the fundamental ideas
that underlie this technology and outlining how these ideas may be skillfully applied to build reliable and highly effective
models for illness classification. Additionally, we will highlight some noteworthy developments and practical uses of deep
learning in the field of plant pathology, demonstrating its transformative potential to fundamentally alter agricultural practices
and significantly advance the overarching objective of ensuring global food security[8].
The Problem of Plant Ilinesses
Plant diseases pose a persistent and significant problem for the agricultural industry. These diseases affect a wide range of
crops, including ornamental plants, fruits, vegetables, and grains and legumes used as staple foods including rice, wheat,
maize, and soybeans. Plant diseases cause a variety of symptomatic manifestations, such as wilting, leaf discolorations, blights,
and stunted growth, as well as a cascade of negative effects[9]. These include severe financial losses suffered by farmers as
well as crop quality and crop production reductions. Furthermore, the increased pesticide use caused by plant diseases poses
serious risks to both human health and the environment.Early diagnosis and accurate classification are essential components of
effective plant disease management. Farmers can take the necessary action, such as applying fungicides, enforcing quarantine
rules, or making other tactical interventions, by quickly identifying diseased plants[10]. This helps to slow the spread of the

illness. In addition, accurate disease classification guarantees that the chosen remedy is painstakingly tailored to treat the
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particular condition at hand. As a result, resource allocation is not only maximized but also negative environmental effects are
reduced, making agriculture more sustainable.

The use of experienced agronomists and plant pathologists' eye inspection to identify plant diseases has been a conventional
practice[11]. These specialists rely on their comprehension of disease signs, which are often visible on different plant
components like leaves, stems, or fruits. Although this strategy has shown considerable effectiveness, it comes with a number
of notable drawbacks:

First off, the subjective nature of human judgment adds some degree of variation to disease diagnosis, resulting in
discrepancies in both the recognition of diseases and the subsequent treatment recommendations.

Second, due to the growing scale of agricultural operations, the old technique is unable to keep up with the needs of modern
agriculture, which frequently call for quick and scalable disease diagnosis solutions[12].

Thirdly, diagnosing diseases manually takes time by nature, especially when done on expansive plantations or huge fields.
Delays in diagnosis may allow infections to spread unchecked and exacerbate agricultural difficulties.

Furthermore, employing a team of knowledgeable professionals for ongoing crop monitoring requires a lot of resources and
places a heavy load on farmers, especially small-scale farmers who do not have access to such specialized staff or financial
resources[12].

The difficulty of managing disease is further complicated by the lack of readily available skilled plant pathologists, particularly
in distant or developing areas, when the demand for efficient disease identification and control is greatest[13].

These significant restrictions highlight the urgent need for creative, automated, and scalable solutions to successfully address
the complexities of plant disease diagnosis and categorization. Deep learning seems as a possible alternative that can change
disease control strategies in agriculture because to its capacity for quick and accurate picture processing[14].

. RELATED WORK

Kiran 2023 et. al Disease in plants Support vector machines (SVMs) and CNNs are used in the dataset to classify the dataset's
images as either healthy or diseased plants, respectively, and to recommend fertilizers in accordance with the diseases of the

plants. The dataset includes images of both healthy and diseased plants that were collected under controlled conditions[15].

Kanda 2022 et. al Nine typical tomato illnesses are identified using an effective deep learning algorithm. In order to identify
tomato illnesses, a residual neural network technique is described. This study examines four aspects of diversity: depth size,
discriminative learning rates, split ratios between training and validation data, and batch sizes. Five network depths are
employed in the experimental study to gauge the network's correctness. Based on the experimental findings, the suggested
technique surpassed the majority of the earlier competing methods in identifying tomato leaf disease, receiving the highest F1
score of 99.5%. A 99.23% F1 score was obtained after additional testing of our approach on the Flavia leaf picture dataset.
Tobacco early light and tomato late blight are two classes of fine-grained differentiation, however the approach had the

problem that part of the inaccurate forecasts were of these two classes[16].

Gaashani 2022 et. al a technique using transfer learning and feature concatenation to classify tomato leaf diseases. Using pre-

trained kernels (weights) from MobileNetV2 and NASNetMobile, the authors extract features. They then combine and
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decrease the dimensionality of these features using kernel principal component analysis. They then integrate this information
into a typical learning algorithm. The findings of the experiment support the hypothesis that concatenated features improve
classifier performance. The three most common classical machine learning classifiers, random forest, support vector machine,
and multinomial logistic regression, were examined by the authors. Of these, multinomial logistic regression performed the
best, with an average accuracy of 97%[17].

Alshammari 2022 et. al Olive leaf disease was categorized using deep convolutional models-based binary and
multiclassification systems. The outcomes are encouraging and demonstrate the potency of combining CNN and vision
transformer models. According to the experimental findings presented in this article, our model surpassed the competition with

an accuracy of around 96% for multiclass classification and 97% for binary classification[18].

Albattah 2022 et. al Annotations are created to identify the region of interest in the first phase. Second, a better CenterNet is
shown, with DenseNet-77 being suggested for deep keypoint extraction. The one-stage detector CenterNet is used to identify
and classify a number of plant diseases. We utilized the PlantVillage Kaggle database to conduct the performance study since
it is the industry-standard dataset for plant illnesses and difficulties in terms of intensity fluctuations, color changes, and
variances in the shapes and sizes of leaves. The offered strategy, compared to other cutting-edge methods, is more proficient

and dependable in identifying and classifying plant diseases, according to both qualitative and quantitative analyses[19].

Tugrul 2022 et. al analyzed 100 of the most current CNN items over the last five years that discussed how to identify different
plant leaf diseases. Additionally, we detected and compiled a number of issues and fixes related to the CNN used to identify
plant leaf diseases. Deep convolutional neural networks (DCNN) trained on visual data were also the best technique for
spotting early illness. We reviewed the advantages and disadvantages of using CNN in agriculture as well as the future

improvements in plant disease detection[20].

Author / Year Method Accuracy Ref.
Oishi /2021 YOLO Faster R-CNN Acc=96.7% [1]
Without Precision=
78.2%
Ahmed / 2021 CNN Acc=94% [2]
Fenu/ 2021 VGG-16, VGG-19, ResNet50, InceptionV3, | Acc= 78.31% [21]

MobileNetV2 and EfficientNet

Rinu/ 2021 VGG16 Acc = 94.8% [22]

Sagar/ 2021 VGG16, ResNet50, InceptionV3, Acc= 98.2% [23]
InceptionResNet and DenseNet169
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M. TYPES OF PLANT DISEASES

The term "plant diseases” refers to a broad range of ailments that can affect different anatomical parts of plants, such as their

leaves, stems, roots, and fruits. These illnesses have a complex etiology that is caused by a confluence of pathogenic

organisms, such as fungus, bacteria, viruses, and nematodes, as well as environmental variables, such as nutrient deficits and

unfavorable weather[24]. We examine a few typical groups of plant diseases below:

Fungal Diseases: A substantial proportion of plant diseases finds their origins in fungal pathogens. These adversaries are
capable of inciting an array of maladies, ranging from the conspicuous leaf spots, rusts, and mildews to various forms of
rot, including the insidious root rot and fruit rot. Exemplary instances of fungal diseases encompass powdery mildew, rust,
and late blight[25].

Bacterial Diseases: Bacteria, wielding their virulence, infiltrate plants through wounds or natural apertures, culminating in
diseases such as bacterial blight, bacterial canker, and fire blight. These afflictions are often characterized by symptoms of

wilting, the emergence of cankers, and the production of viscous exudates or slime.

Viral Diseases: The minuscule agents known as viruses emerge as perpetrators of plant diseases, provoking symptoms that
encompass mottled or streaked leaves, stunted growth, and the deformation of fruits. Prominent viral diseases include
tomato mosaic virus and cucumber mosaic virus[26].

Nematode Diseases: Plant-parasitic nematodes, imperceptible yet potent, insinuate themselves into plant roots, disrupting
the normal course of nutrient uptake. Root-knot nematodes and cyst nematodes are emblematic instances of diseases
wrought by these microscopic assailants[27].

Oomycete Diseases: Oomycetes, resembling fungal adversaries, but biologically distinct as water molds, give rise to plant
diseases like late blight and downy mildew. Such afflictions are typically characterized by leaf lesions and the degradation
of plant tissues[28].

Abiotic Diseases: Diseases stemming from non-living factors, encompassing nutrient imbalances, extreme temperature
fluctuations, excessive moisture, and soil compaction, feature prominently within the ambit of plant maladies. Exemplars
include nutrient deficiency disorders such as iron chlorosis and physiological anomalies like blossom end rot in tomatoes.
Parasitic Plants: A distinctive class of plants, referred to as parasitic plants, have evolved to attach themselves directly to
host plants, siphoning nutrients for their sustenance. Examples encompass dodder and broomrape.

Insect-Transmitted Diseases: Certain diseases are disseminated by insects that serve as intermediaries or vectors. Aphids,
whiteflies, and leafhoppers are commonplace vectors that transmit plant diseases such as phytoplasma disorders and
specific viral infections[29].

Fungal-Like Organisms: Beyond authentic fungi, some diseases are ascribed to fungal-like microorganisms, such as water
molds, scientifically termed oomycetes, and the curious slime molds.

Environmental Stress Diseases: These diseases materialize as a consequence of adverse environmental conditions,
encompassing the rigors of drought stress, superfluous moisture that precipitates root rot, and the extremities of
temperature fluctuations[30].

Herbivore Damage: While not characterized as diseases in the traditional sense, the impairments inflicted by herbivores,

including caterpillars and beetles, can enfeeble plants, rendering them susceptible to disease.
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Figure 2 Plant diseases

V. DEEP LEARNING ALGORITHMS ARE USED TO CLASSIFY PLANT DISEASES.

Deep learning-based plant disease classification provides a cutting-edge paradigm that has the potential to transform

agricultural practices and strengthen global food security. With a focus on convolutional neural networks (CNNs) and transfer

learning, this novel technique harnesses the impressive powers of artificial intelligence to offer an automated and amazingly

accurate solution to a persistent problem in agriculture. The scalability and subjectivity of traditional approaches of plant

disease identification, which rely on human skill and visual symptom recognition, are constrained[31]. The ability of deep

learning models to evaluate large amounts of plant image data, quickly and effectively identifying and classifying illnesses

based on visual markers, stands in stark contrast.

Utilizing their strengths in image analysis and pattern recognition, deep learning algorithms have been successfully used to

classify plant diseases. The following are some of the main deep learning methods for classifying plant diseases:

1.

CNNs convolutional neural networks: Convolutional Neural Networks (CNNs) have become a cornerstone in the
categorization of plant diseases and are a fundamental architectural framework in the field of image-based applications.
These neural networks are widely used because of their remarkable ability in recognizing complicated patterns and
features inside images. They were specifically created with a focus on processing visual information. Convolutional
layers, a specific layer type used by CNNs, are essential to their effectiveness[32]. In order for convolutional layers to
function, convolutional operations must be applied consistently to the input image. They extract and learn hierarchical
representations of features at various levels of abstraction through this process. They essentially have the ability to
automatically identify the most prominent and distinguishing aspects of an image, such as minute features and minor
variances, without the use of explicit feature engineering[33].

Transfer learning: A potent strategy to increase the efficiency of plant disease classification tasks is provided by transfer
learning, a strategic paradigm within deep learning. This method makes use of deep learning models that have already
been trained and have proven capable of performing challenging picture recognition tasks on large datasets, like the well-
known ImageNet dataset. These pre-trained models, which frequently consist of deep convolutional neural networks
(CNNs) with many layers, have developed a subtle grasp of common visual features and patterns. Transfer learning takes

two forms when it comes to classifying plant diseases. The core architecture is initially a pre-trained model that has
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already completed significant training on a diverse dataset like ImageNet. Then, to particularly address the complexities
of plant disease recognition, this pre-trained model is modified, or fine-tuned. This fine-tuning procedure entails
modifying the model's internal parameters while subjecting it to a dataset of plant diseases, which may be smaller in scale
than the initial ImageNet dataset[20].

3. Data Augmentation: The variety of the training dataset is artificially increased using data augmentation techniques. In
order to create more training examples, these algorithms alter the original images by rotating, flipping, and scaling them.
The resilience and generality of models are enhanced by the addition of data.

4. Ensemble Learning: To improve the classification performance of models for the detection of plant diseases, ensemble
approaches provide a sophisticated deep learning approach. These methods are built on the idea of merging the
predictions from various unique deep learning models, each of which may be based on a different architecture, training
set, or initial conditions. The main goal is to use the combined knowledge of these several models to make a final
prediction that is more reliable and accurate.

5. Recurrent Neural Networks (RNNs): RNNs are employed in situations where sequential data is present, such as the
analysis of time-series data pertaining to plant diseases, whereas CNNs are typically used for picture classification. RNNs
are capable of identifying temporal connections and patterns in illness development.

6. Generative Adversarial Networks (GANSs): In the area of classifying plant diseases, Generative Adversarial Networks
(GANS) present a strong deep learning approach for augmenting and extending training datasets. A generator and a
discriminator are the two neural networks that interact dynamically in GANSs to perform their functions. Through this
adversarial process, synthetic data that closely resembles the training dataset's real-world samples is produced[34]. GANs
can be used to create synthetic images of both healthy and ill plants in the field of classifying plant diseases. This artificial

data augmentation serves a variety of useful functions.

V. CONCLUSION
In conclusion, the use of deep learning to the classification of plant diseases represents a revolutionary development in
agricultural methods and has the potential to dramatically enhance global food security. This analysis has shed light on the
daunting difficulties that plant diseases present, highlighting the critical importance of early identification and accurate
classification for disease management.The scalability and accuracy of traditional approaches, which rely on human judgment
and subjective symptom interpretation, have been found insufficient. Convolutional neural networks (CNNSs), in particular,
have emerged as a game-changing deep learning technigue that is able to understand complex patterns on its own from huge
databases of plant images. Rapid, scalable, and objective solutions for identifying plant diseases are provided by this
integration.By utilizing pre-trained networks and refining them on plant disease datasets, transfer learning addresses the issue
of data scarcity and significantly boosts classification accuracy. It also expands the capabilities of deep learning models.By
pooling predictions from various models, lowering the chance of overfitting, and improving overall accuracy, ensemble
approaches like bagging and boosting give the classification process robustness.By using Generative Adversarial Networks
(GANS) to create synthetic plant images, the training dataset is enriched, allowing models to more easily adapt to changes in
image quality and lighting.The way we identify and control plant diseases may change as a result of practical deep learning
applications in plant pathology, including on-field systems, mobile apps, remote sensing, and precision agriculture.Although

there are still issues with model interpretability and data scarcity for rare diseases, the trajectory of plant disease classification
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using deep learning is quite positive. In addition to offering better disease control, this field supports more productive and

efficient agricultural practices, bringing us one step closer to a time when there will be greater food security and less hunger

around the world.
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