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Abstract— The development of Artificial Intelligence over many decades had beeninconceivable,
where it converts every member of the global frugality, including husbandry. The traditional
approach of the agrarian assiduity is passing a vital revolution. With requirements of better crop
yield, Al has been developed as a important tool to permit growers in monitoring and detecting
the crop conditions. In addition, growers can fluently identify the crop conditions in early stage
by using Al. As traditional factory complaint identification includes moxie and high processing
time, Al is integrated with image processing with an ideal of furnishing accurate, presto, effective
and affordable result for complaint discover To overcome this problem early complaint
identification, bracket and discovery is needed. lately, deep literacy is veritably popular object
recognition and discovery. complication Neural Network id part of deep literacy which is
extensively used in object discovery part. In these different infrastructures of complication
Neural Network areused. by applying convolutional neural networks(CNNs) familiar with some
of the notoriousinfrastructures, specially the" ResNet" armature, using an stoked dataset
containing imagesof healthy and diseased leaves ( each splint is manually cut and placed on a
invariant background) with respectable delicacy rates in the exploration terrain. This Deep
literacy fashion has shown veritably good performance for colourful object discovery problems.
Themodel fulfills its part by classifying images into two orders(complaint-free) and diseased).
According to the results attained, the developed system achieves better discovery performances
than those proposed in the state of the art.

Index Terms— Crop, Arttificial Intelligence(Al), CNN, ResNet.

l. INTRODUCTION

The Shops are the abecedarian foundation of source of energy for humans. Factory health monitoring and Factory
complaint discovery play a significant part in husbandry. Generally, for factory complaint discovery, the naked
eye system that involves specialists with capability of spotting the splint colour changes is used. Lots of sweats
and time are involved in traditional naked eye system. To acquire effective crop yield,accurate opinion and
beforehand recognition of factory complaint is veritably important. It becomes essential to develop a system that
automatically identifies the complaint by landing the images of the shops leaves. thus, image processing ways are
applied on the splint images so as to prize the significant features as utmost of the factory conditions are visible
on factory leaves, a good approach is needed which can descry tomato complaint on time. In moment’s period,
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Deep Learning had come the most precise result for the complaint discovery in factory. The infected leaves are
collected and also labelled according to complaint. The labelled images are farther converted to pixel for further
information. Neural network models automatically classify images into classes using automatic point birth. After
point birth, optimal subset of point is named and also one of the bracket ways are applied. The disquisition of a"
Deep Learning" approach for agrarian uses has boosted in exploration and opens the door to new uses and earnings
performance compared to current styles. Especially, The Deep Learning" is used to determine the birth of
characteristics in a way that synthetic and to give a clear discovery on a proposed data set. This system is used to
reduce the memory footmark and ameliorate performance. In general,” CNN" is the stylish system for any
vaticination problem involving input image data and requires minimum pre-processing. It's structured to classify
large- scale images In this environment, several exploration workshop have been carried out to ameliorate the
performance of* CNN" on tasks related to computer vision, due to the discovery of factory conditions. Advances
in" CNN" can be classified in different ways, including activation, loss function, data improvement, optimization
algorithms.

Il. DATASET

In this work, Intimately available New Plant conditions Dataset is used. This dataset consists of about 87K rgb
images of healthy and diseased crop leaves which is distributed into 38 different classes. The total dataset is divided
into80/20 rate of training and confirmation set conserving the directory structure. A new directory containing 33
test images is created latterly for vaticination purpose.

I1l. PROPOSED METHODOLOGY

A CNN convolutional neural network is maybe the most extensively usable system for rooting reasonable
information from huge datasets. The armature of CNN is illustrated in Figure 1, which allows effective processing
of image data. A deep CNN armature consists of several layers of different types. generally, it begins with one or
further convolutional layers followed by one or further grouping layers, activation layers, and ends with one or
further completely connected layers. In the complication subcaste, the complication operation is performed to
excerpt features, and the affair is passed to the activation function. As long as, the clustering subcaste is generally
used to reduce the size of the point chart and provides robust literacy results for the input data. The complication
and pooling layers are also passed through in several way to gain global features from the input data. Eventually,
the uprooted characteristics are passed to the completely connected subcaste where bracket is performed in this

subcaste.
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Figure 1. CNN Architecture

The convolutional neural network uses a special mathematical operation called convolution instead of matrix
multiplication in at least one of its layers. It is officially formed by a stack of layers. The convolution layer (CONV)
which processes the data of a receiver field. The pooling layer (POOL); which compresses the information by
reducing the size of the intermediate image. The correction layer (ReLU), with reference to the activation function
(Linear Rectification Unit). The Fully Connected Layer (FC), which is a perceptron- type layer.

Training step: Allows you to set the initial weight to enter to the hidden layer. This step consists of two processes,
namely feedback and retro-propagation. The pre-processed image dataset is now used to train CNN and ResNet
separately. As all these are pre-trained models, we had to train them using transfer learning [17]. We have selected
pre-trained models as our dataset size was not sufficient to train an entire CNN from scratch for desirable results.
Instead we use the trained models’ convolution and max-pooling layers as feature extractors which were used to
train the fully connected layers ahead. The dense layers were used along with ReL U activation layers and a softmax
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layer at the end to convert the features to the required output. Testing step: It is a classification process using the
weights obtained during the learning processThe input image is pre-processed and fed to the ensemble of the five
trained models. The model outputs are fed into a decision layer that gives the final prediction;
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Figure 2. RetNet Architecture
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Figure 3. Flow chart

IV. RESULTS AND DISCUSSION
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After comparing accuracies, Residual Neural Network (ResNet) demonstrated superior performance over
Convolutional Neural Network (CNN).To further enhance ResNet's accuracy, a decision has been made to
experiment with different optimizers.Common optimizers like Stochastic Gradient Descent (SGD), Adam, and
others will be considered for these experiments.Experiments will involve training ResNet with varying optimizers
while keeping other hyperparameters constant.Monitoring metrics like training loss and validation accuracy will
guide the evaluation of optimizer effectiveness.Systematic documentation and analysis of results will be conducted
to identify the optimal optimizer for ResNet.Future steps may involve additional hyperparameter tuning and
advanced techniques based on the outcomes of these experiments.
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V. OuTPUT
A. CNN
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Following the utilization of Convolutional Neural Network (CNN), a graphical analysis was conducted by plotting

the loss and validation loss against the number of epochs. The graph revealed a consistent trend wherein an increase
in the number of epochs led to a simultaneous decrease in both training and validation losses. This suggests that
prolonged training epochs allowed the CNN model to refine its parameters and improve overall performance. The
observed reduction in loss values implies a positive learning trajectory, indicating the model's convergence towards

optimal parameters with an extended training duration
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Upon plotting the graph depicting accuracy against epochs, a noticeable trend emerges. The analysis reveals a
positive correlation, indicating that an augmentation in the number of epochs corresponds to an increase in

accuracy. This observation suggests that extended training periods contribute to the refinement of the model,
leading to improved accuracy. The graphical representation serves as a valuable insight, guiding the decision-

making process for determining an optimal number of epochs for achieving higher accuracy.
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The graph analysis clearly indicates that ResNet consistently outperforms CNN in terms of accuracy.As the
number of epochs increases, ResNet exhibits a notable advantage, showcasing higher accuracy compared to
CNN.This conclusion underscores the effectiveness of ResNet, suggesting that prolonged training epochs
contribute to superior performance.The observed trend in the graph reinforces the choice of ResNet over CNN for
tasks where high accuracy is a priority.
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The graph analysis reveals a clear trend indicating that ResNet consistently incurs lower loss compared to CNN
as the number of epochs increases. As epochs progress, ResNet demonstrates a distinct advantage in minimizing
loss, suggesting its effectiveness in refining model parameters. This conclusion emphasizes the superior
performance of ResNet over CNN in terms of reducing loss during extended training periods. The observed trend
in the graph reinforces the choice of ResNet when aiming for minimized loss in tasks that benefit from extended
training epochs.

ResNet using SGD Optimizer
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We Through a comparison of optimizers, it is evident that an increase in the number of epochs contributes to higher
accuracy for the algorithm. The analysis indicates a positive correlation between epochs and accuracy, suggesting
that prolonged training benefits the overall performance of the algorithm. This finding emphasizes the importance
of considering epoch tuning as a factor in optimizing the algorithm's accuracy. The observed trend provides
valuable insights for refining the training strategy and achieving improved accuracy over an extended training
duration.
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The optimizer comparison reveals a consistent trend: an increase in the number of epochs correlates with a decrease
in the loss of the algorithm.The analysis underscores the positive impact of extended training epochs on reducing
overall loss, highlighting the effectiveness of the chosen optimizers.This observation suggests that allowing the
algorithm to train for more epochs contributes to the refinement of model parameters and a subsequent reduction
in loss. The insight gained from this comparison supports the notion that fine-tuning epoch settings can lead to
improved algorithm performance by minimizing loss

3221



V1. CONCLUSIONS

In this design we've successfully classified the images of Identification of Plant Leaf conditions Bracket, are
moreover affected with the Plant Leaf conditions using the deep literacy. Then, we've considered the dataset of
Plant Leaf conditions Bracket images which will be of different types and different shops( healthy or unhealthy)
and trained using, CNN along with some Resnet( different optimizers) literacy system. After the training we've
tested by uploading the image and classified it.

This can be utilized in future to classify the types of different Diseases easily that which can tend to easy to
Predicated the treatment for plant in early stages and can take the initial curing of plants and take measures to not
affect other plants.
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