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I.LINTRODUCTION
Using calculations and ways to deal with find, analyze, and oversee plant ailments through the investigation of photos
is known as plant sickness recognition using Al and picture handling. Typically, this technique involves the accompanying
advances

Picture Obtaining: Take pictures of plant leaves or different segments showing infection side effects using cellphones or
cameras.

Preprocessing: Upgrade and clean the photos to raise their quality, dispose of clamor, and change further develop difference
and light for more exact examination. Include extraction includes taking out appropriate subtleties from the photos, similar to
measure, variety, surface, and structure, which are all fundamental for distinguishing great and unfortunate plant segments.
Models for Al: To sort and figure sicknesses, apply Al techniques, for example, Arbitrary Woods, Backing Vector Machines
(SVM), Convolutional Brain Organizations (CNNSs), and others.

Il. PROPOSED SYSTEM
The most popular use of convolutional neural networks (CNNSs), a class of deep neural networks, is the analysis of
visual information. For tasks like object detection, image segmentation, and image classification, they are especially well-
suited. Design and Architecture: CNNs are made up of several convolutional layers, each of which applies a set of learnable
filters or kernels to the input data. As these filters move across the input image, the dot product between each weight and the
input is calculated at each place.

Activation Function:
To add non-linearity to the model, a non-linear activation function such as the Rectified Linear Unit (ReLU) usually
comes after each convolutional operation.

Fully Connected Layers:

Using the features that the convolutional layers have extracted, one or more fully connected layers are usually used at
the conclusion of the network to carry out high-level reasoning. Softmax Layer: To calculate the probability distribution across
the many classes in classification tasks, a softmax layer is frequently utilized.
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Feature Learning:

Using the raw input data, CNNs automatically deduce hierarchical representations of features. Higher layers pick up
more intricate and abstract aspects pertinent to the current job, whereas lower levels record simpler features like edges and
textures. Weight sharing, spatial hierarchies, and the convolutional operation allow CNNSs to capture translational invariance,
which makes them resistant to changes in object position within an image.
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Figure 1: Block diagram of the model

Training:

As with other neural networks, CNNs are trained by gradient descent and backpropagation. However, training CNNs
frequently necessitates significant computational resources and data because to their huge number of parameters.
Rotation, scaling, and flipping are examples of data augmentation techniques that are frequently used to artificially expand the
training sample and enhance model generalization.

Applications:

CNNs have demonstrated state-of-the-art performance in a range of computer vision tasks, such as semantic
segmentation (i.e., assigning an object class label to each pixel in an image) and image classification (i.e., recognizing objects
in photos)

Skip connections, also known as residual connections, are the main innovation of Res Net; they allow connections to
flow through levels without having to go through them. The disappearing gradient issue is resolved by these links, which enable
the gradient to travel straight across the network. Res Net learns the residual mapping rather than attempting to learn the
intended underlying mapping; therefore, the term "Residual Network."

Blocks that Remain:

The residual block is the fundamental unit of construction in Res Net. Re LU activation functions and batch
normalization come after two or more convolutional layers in each residual block. By using a skip connection, the convolutional
layers' output is enhanced with the initial input. Remaining blocks can be classified as basic, bottleneck, or any combination of
these depending on the computational power and number of convolutional layers.

® Deep Architectures:

Res Net architectures have a very deep design. There were 34, 50, 101, and 152 layer versions introduced in the original
Res Net study. Research has now descended to much deeper structures, such Res Net with over a thousand layers, also referred
to as "ResNet-1001" or "ResNet-1202."

® Global Average Pooling:
Towards the conclusion of the network, Res Net usually employs global average pooling (GAP) rather than fully
connected layers. By introducing spatial features and lowering the total number of parameters, GAP helps decrease overfitting.

® Pre-Activation Residual Units:

Batch normalization and Re LU activation are applied prior to convolution operations in pre-activation residual units,
which the authors implemented in later versions of Res Net. This adjustment promotes the propagation of gradients and makes
it easier to train even deeper networks.
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Applications:
In a variety of computer vision tasks, such as picture classification, object detection, semantic segmentation, and image
recognition tasks across several domains, Res Net architectures have demonstrated state-of-the-art performance.

Transfer Learning:

Pre-trained Res Net models, which have been trained on extensive datasets such as ImageNet, are frequently employed
in this context. To save time and computing resources, researchers and practitioners refine these pre-trained models on smaller
datasets for particular objectives.

HLIMPLEMENTATION
1. Information Gathering:
Compile a collection of photos showing both healthy and diseased plants. These photos can be obtained by taking
your own photos, using web scraping techniques, or browsing online databases.

2. Preprocessing:
Use preprocessing to improve the pictures' features and lower their noise. This could involve using noise reduction,
normalization, and scaling methods.

3. Feature Extraction:

Take pertinent features out of the pictures. This may entail methods like as texture analysis, color histogram analysis,
or deep learning-based feature extraction with pre-trained convolutional neural networks (CNNSs) such as Res Net, VGG, or
Inception.

4. Model Selection:
Select a machine learning model that is suitable for the classification task. Support Vector Machines (SVM), Random
Forests, and deep learning models such as CNNs are popular options.

5. Training:
Divide the dataset into sets for testing and training. Utilizing the training set, train the model of choice. Adjust hyper
parameters as needed to boost efficiency.

6. Validation:

Using metrics like accuracy, precision, recall, and F1-score, assess how well your model performs on the testing set.
If needed, make madifications to your model or data pretreatment methods.
7. Deployment:

After you're happy with the model's performance, use it in an actual situation. This can entail incorporating it into an
Internet of Things (10T) device for on-site illness detection, a web service, or a mobile application.

IV. RESULT ANALYSIS

» Disease Detected

Find out which disease has been caught by your plant

Please Upload The Image

Choose File | Apple__Apple_scab.jpeg

® Apple Scab:

One of the most prevalent and economically significant diseases infecting apple trees, apple scab is caused by the
fungus Venturia inadequacies. It appears on leaves, fruit, and twigs as dark, olive-green or black lesions. Defoliation and
decreased fruit quality can result from severe infections.

® Apple mosaic virus:
This virus can cause mottling, deformation, and yellowing of the leaves in addition to poor fruit quality and yield. It
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can be managed by utilizing virus-free stock and keeping things clean. The primary means of transmission is through
contaminated plant matter.

Crop: Apple
Disease: Apple Scab

Cause of disease:

1. Apple scab overwinters primarily in fallen leaves and in the soil. Disease development is
favored by wet, cool weather that generally occurs in spring and early summer.
2. Fungal spores are carried by wind, rain or splashing water from the ground to flowers,
leaves or fruit. During damp or rainy periods, newly opening apple leaves are extremely
susceptible to infection. The longer the leaves remain wet, the more severe the infection will

be. Apple scab spreads rapidly between 55-75 degrees Fahrenheit.
How to prevent/cure the disease
1. Choose resistant varieties when possible.
2. Rake under trees and destroy Iinfected leaves to reduce the number of fungal spores
available to start the disease cycle over again next spring

3. Water in the evening or early morning hours (avoid overhead irrigation) to give the leaves

time to dry out before infection can occur.

> No Disease

_

Find out which disease has been caught by your plant

Please Upload The Image

Choose File |Strawberry__healthy.jpeg

Several fungal species, including Pedosphere aphanis and Sphaerotheca macularis, are the cause of powdery mildew.
On the leaves, stems, and occasionally the fruit of strawberry plants, it manifests as a white, powdery growth. Reduced
photosynthesis, leaf deformation, and decreased fruit yield are all possible outcomes of severe infections.

Crop: Strawberry

Disease: No disease

Don't worry. Your crop is healthy. Keep it up !!!

BOTANY GURU

Botrytis cinerea is the fungus that causes gray mold, also known as botrytis fruit rot. Strawberries that are both ripe
and overripe will produce fuzzy mold that is grayish-brown as a result. Fruit rot can be significantly exacerbated by gray mold,
particularly in damp and humid environments.
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V.CONCLUSION

In conclusion, there are encouraging options for the identification and treatment of plant diseases provided by the
combination of machine learning and image processing methods. Researchers and agricultural practitioners can improve
disease management tactics and hence crop health, production, and food security by utilizing computational algorithms and
visual data analysis.

Convolutional neural networks (CNNs) and support vector machines (SVMs) are two examples of machine learning
techniques that have shown impressive abilities in automatically extracting patterns and attributes from plant photos.Before
feeding plant photos into machine learning models, image processing techniques are essential for preprocessing and improving
the images. methods include feature extraction, picture segmentation, and image

In conclusion, there is a lot of potential for transforming plant disease diagnosis and management through the
combination of machine learning and image processing. We can increase the productivity and resilience of agricultural systems
by utilizing artificial intelligence and computer vision, which will support efforts towards sustainable development and global
food security.

The machine learning experiment on plant disease identification shows how cutting edge technology may be used to
solve important agricultural problems.

Through the utilization of machine learning algorithms and image processing techniques, the study effectively
illustrates the viability of precise and prompt plant disease identification.

The results highlight how crucial it is to combine cutting-edge technology with time-tested farming methods in order
to improve crop management, reduce yield losses, and advance sustainable farming practices.
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