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Abstract

Modern agriculture faces a critical challenge in ensuring the health and yield of crops, with the early
detection and treatment of diseases playing a pivotal role. Traditional methods reliant on manual
inspection are not only time-consuming but also prone to errors, leading to significant crop losses and
economic impact. The importance of this research lies in mitigating these inefficiencies by developing a
robust ML model capable of accurately identifying diseased tomato leaves in the plants. Datasets
considered while algorithm training comprise around 6 thousand to 8 thousand images, including both
healthy and diseased leaves. The primary gap this research addresses is the inadequacy of conventional
methods in providing timely and accurate disease detection. The research aims to harness the power of
advanced ML algorithms including Visual Geometry Group 16 & Residual Network for the deep feature
extraction. The model is trained, validated, and tested using a split dataset approach to ensure high
accuracy and reliability. Key findings indicate that the model achieves an accuracy of around 95% in
simulations, although a slight drop in accuracy is observed in real-time applications. Despite this, the ML-
based approach significantly surpasses traditional methods, offering a more efficient and scalable
solution to find the diseased leaves soon in tomato. These findings highlight potential in ML to transform
agricultural practices by providing timely and accurate disease detection, reducing the reliance on
manual labor, and contributing to increased crop yields and sustainable farming practices.

Introduction

Backbone of the global economy is agriculture, and ensuring the health of crops is paramount for food
security and the livelihoods of millions of farmers. Yet, a persistent problem is the diseases in leaves or
plants, leading to significant crop losses each year. Traditional methods detect diseases based on
human monitoring that is both prolonged and also leads to mistakes. Farmers struggle in identify
diseases early, resulting in extensive damage and decreased yields.

In recent years, technological advancements in ML and loT have evolved as new methods to address
these challenges. By harnessing the power of these technologies, we can devise a system that detects
the diseases precisely[1][2].

Many methods have been developed over time to recognize and identify these types of disease using
various methods. They are discussed in this section.

A novel approach was proposed by [3] for the detection of diseased plant leaves using an autonomous
robot and CNN. The robot was equipped with Arduino Uno for navigation and a smartphone camera. The
camera does the live video stream to a laptop which does the image processing where CUDA and
darknet were used for the processing part and the SORT algorithm was used for the tracking part of the
video frame.

A model presented by [4] utilized a pre-trained ResNet 101, based on CNN, to process a tomato leaf
dataset. The classification employed ECOC and achieved effectiveness of 98.8% with error 1.15%.
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Projections were made based on a Support Vector Machine classifier.

An automated detection system introduced by [5] leveraged a backpropagation CNN (BPNN) algorithm
to detect diseases at early stages, reducing crop damage. This system achieved 89% accuracy using
BPNN, which was highest among the three BPNN, SVM, and KNN. The process involved converting leaf
images to grayscale, applying noise filtering, segmenting images based on statistical features like
standard deviation and skewness, and training classifiers including SVM, KNN, and BPNN and with the
selected features.

Research by [6] focused on detecting diseased leaves using various techniques such as conversion of
colour space and CNN segmentation methods such as morphological operations and region growing
using ULCRF (Unsupervised Learning Conditional Random Field). Hyperspectral image analysis
compared SDA (stepwise discriminant analysis) and SAM (spectral angle mapper).

A novel system by [7] [21] employed the You Only Look Once (YOLO) algorithm for real-time diseased
plant detection, processing leaf images at 45 frames in a second. YOLO's bounding box prediction
enhanced accuracy and used darknet and OpenCV for result views and training.

A new framework, PCA DeepNet, introduced by [8], combined PCA (Principal Component Analysis ) with
a designed DNN. This hybrid framework incorporated a GAN (Generative Adversarial Network) to
enhance dataset quality. The system achieved a 98.5% accuracy and used a Faster Region-Based
Convolutional Neural Network (F-RCNN) for disease spotting in leaves.

A study by [9] recognized diseased and undiseased corn leaves using pre-processed CNN models
DenseNet121 and EfficientNetBO for features extraction. Data augmentation addressed complex data
cases. The model achieved a 98.56% accuracy, outperforming other pre-trained models like InceptionV3
and ResNet152 which required more processing power.

The modified Lermurs Optimization Algorithm, implemented by [10], served like filter-based
characteristic transformation technique to enhance the accuracy of diseased paddy leaf detection. It
extracted 7 box-cox statistical attributes from every thermal picture. Testing four classifiers, the K-
Nearest Neighbour classifier achieved the highest accuracy of 90% using the proposed algorithm.

A modified deep learning model for disease detection in apple leaf in real time was proposed by [11],
based on CNN and using Google Net Inception design along Rainbow concatenation. Training on a
dataset of 26,377 images, the INAR-SSD model achieved 78.8% accuracy in early detection.

A CNN-based method by [12] employed 1D-CNN for feature extraction to identify diseased potato leaf
spots. After calibrating data through rough and accurate calibration, the 1D CNN outperformed
traditional SVM, achieving 97.72% accuracy with a significantly reduced average recognition time.

Research by [13] [19] utilized a robust DL ResNet 34 implemented Faster-RCNN for classification,
incorporating a CBAM (Convolutional Block Attention Module) to extract deep key features. This model
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achieved a 98.1% accuracy.

A modified CNN model, LeNet, was proposed by [14] for detecting and identifying diseases of plant
leaves, emphasizing minimal computing resources. It automatically extracted features for classification
and achieved a 94% accuracy, outperforming AlexNet and GoogleNet. The system employed computer
vision with DL alogorithms trained on public datasets containing both healthy and diseased leaves [15].
In a simulation study involving 15 cases, the model achieved an 88.8% accuracy, correctly identifying 12
diseased and 3 healthy leaves.

A hybrid approach by [17] [20] used VGG16 architecture and a algorithm to optimize weights in validation
and testing, achieving a 95.9% accuracy on tomato leaves but with high validation loss. An alternative
approach addressing overfitting achieved a 96% accuracy using an L2 regularization model.

A segmentation-based approach by [18] [22] automatically segmented diseased areas in diseased
tomato leaves. Segmented regions were analyzed for disease categorization along with measuring
severity using various models including KNN classifier, SVM classifier and LDA (Linear Regression
Analysis) and Decision Tree classifiers on a dataset of 3,000 image datasets.

A comparison with various methods, algorithms used and their accuracy is shown in Table 1.

Table 1
Various Approaches by different studies

Method/Algorithm Datasets/Features Accuracy
C-YOLOX model, YOLOX-S model [23] Tomato Diseased Leaves 84.42%
Convolutional Neural Network (CNN), Healthy & Diseased leaves of tomato 86.92%
Squeezenet architecture [24]
PCA (principal component analysis) and CV Plants of sweet pepper 90%
(coefficient of variation) [25]
PCA DeepNet, Generative Adversarial Images of diseased potato leaves 98.55%
Network (GAN) [8]
F-RCNN [19] Leaf Miner Target Spot & Phoma Rot 91.67%

images of tomato leaves
VGG16 & ResNet along with CNN (Proposed Around 8000 Images of Healthy and 94-96%
Method) diseased Tomato leaves

This research aims in leveraging these innovations to design reliable and working solution in monitoring
the health of tomato plants

Algorithms and methodology
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The methodology for the machine learning-based system for detecting diseased tomato leaves involves
several key steps, encompassing data collection, model development, hardware integration, real-time
detection, treatment application, and user interface. Figure 1 shows the overview of the block diagram.

Data Collection: Initial step in the software implementation involves the collection of a comprehensive
dataset. This project utilizes open-source datasets from Kaggle, which include thousands of images
depicting both healthy and diseased tomato leaves. The dataset spans multiple categories of diseases,
ensuring a robust training process for the machine learning model. The images are diverse, representing
various conditions under which the leaves might appear, including different lighting and environmental
settings. This variety is crucial as it allows the model to generalize well across different scenarios it
might encounter in real-world applications. The data collection phase ensures that the dataset is
sufficiently large and representative, providing a solid foundation for the subsequent steps.

Data Pre-Processing. As Datasets are collected, they undergo extensive processing for enhancing its
quality along with the utility for training the machine learning model. This phase includes augmentation,
where methods such as scaling, color adjustments, and flipping are used to artificially expand the
dataset and introduce variability. This helps in making the model more robust to different conditions.
Following augmentation, dataset will be divided into three various sets. Training datasets will be used
while training of the model, validation dataset helps in tuning hyperparameters and preventing the model
overfitting, test datasets are considered for assessing the algorithms final results. The splitting makes
sure that the model is evaluated on previously unseen images, providing an unbiased evaluation of its
accuracy and generalization capability.

Designing the Model Architecture: Designing the model architecture is a critical step that involves
selecting and configuring appropriate machine learning models for the task. For this project, two well-
known architectures, VGG16 and ResNet, are employed. VGG16 is known to it's effective and simple
image categorization methods, using a deep network of 16 layers to extract features. ResNet, on the
other hand, introduces residual learning, which helps in training very deep networks by addressing the
vanishing gradient problem. These architectures are chosen for their proven track record in image
recognition and their potential for finding the patterns in the images. The combination of these models
ensures that the system can accurately identify and differentiate between healthy and diseased leaves.

Training of the Model and Optimization:

During the training phase, the pre-processed data is fed into the selected model architectures. The
models are trained using the training dataset, where they learn to identify patterns and features that
distinguish healthy leaves from diseased ones. To improve the training process, hyperparameters such
as learning rate, quantity of batches, and the no. of epochs are properly changed. Dropout and
regularization strategies are used to prevent overfitting and guarantee the model's performance with
fresh data. Iterative adjustments to the algorithm’s values are made during the training process with the
goal of minimizing the loss operation, that gauges the difference amongst the true labels and the
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projections made by the model. Continuous monitoring and adjustments are made based on the
performance metrics observed on the validation set.

Testing and Evaluation of the Results: After training, algorithm'’s results are rigorously checked using test
dataset, which was not seen by the model during training. This step involves generating various metrics
parameters to determine how well the algorithm can classify new, unseen images. Confusion matrices
are also analyzed to understand the types of errors the model makes and to identify any specific classes
where it might be underperforming. Visualization tools like heat maps are used to inspect which parts of
the images the model focuses on during classification, providing insights into its decision-making
process. The results of this evaluation phase are crucial for understanding the model's strengths and
limitations, guiding further refinement and optimization to improve its performance in real-world
applications.

Various CNN architectures are used to design the disease detection machine learning module, those are
explained in this section including VGG16(visual geometry group 16) and ResNet (Residual Network)
architectures through which the features a = of the datasets are extracted.

CNN is an form of DL method build to process and analyze text input. In this process, the text is first
converted into a matrix format. The initial step in using a CNN involves providing this text input. Next, the
convolution operation is carried out within the convolution layer, a simple depiction of CNN is shown in
Fig. 2.

A crucial component of CNNs is the ReLU. This function is a straightforward: the output is same if
positive and zero if negative. ReLU is widely used in various neural networks because it simplifies the
training process and often leads to better performance. Its primary role is to introduce non-linearity into
the model. Another important aspect of CNNs includes Pooling, which serves to decrease dimensions.

This reduction helps to minimize computational load, making the processing more efficient. Essentially,
pooling helps to downsize the image dimensions without losing significant information. It can be
described using the following equation as an example.

X(}rj — Sign[z'ﬂ'ﬁlgmnld(MSffmlu(Mﬂﬂrnlu{Ml}r T “1] f nz) f n:ﬂ -1

(1)

Here, y represents the input, and the bias of the length is represented by n. Each M and b represent a
layer (first & second hidden layer and output layer) with a different number of neurons In two dimensions,
the image convolution can be represented as below:
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Whereg, K, Y, and x represent kernel, matrix, and the input image. p(m,i) and q(n,j) are index functions. The

benefit of pooling is that it reduces dimension and computation, and it reduces overfitting tolerance
towards small distortions.

Similarly, the VGG16 model is a CNN that is known for its depth and effectiveness. It contains a total of
twenty-one layers. However, only 16 of these layers are Weight layers, meaning they have learnable
parameters. VGG16 is specifically designed to be 16 layers deep. Figure 3 illustrates the representation
of VGG16 architecture in a basic manner. This network has already undergone pre-training after being
trained on over a million pictures from the ImageNet collection. This model has the ability to classify
photos into a thousand distinct groups, covering a wide variety of objects like mice, keyboards, pencils,
and various animals.

VGGG16 also consists of various layers which are CNN layers, layers of pooling, flat, and softmax. The
convolution layers are similar to that discussed above. The max pooling layer finds the maximum value
within the given window, that is:

qur = maX(p*’r<=I<p*t+f),(q*'r<=|<q*s+f) a(l,x,r) '(3)

where p, q, r represents height, width, and channel, and t & f represent the stride size. where the width of
the window f is calculated using:

f=SL+2W_t(SL+1 '1 )'(4)
where w represents padding.

Also, ResNet34 is a 34-layer CNN known for its advanced picture cactegorization capabilities. This
model is pre-trained over the ImageNet data that includes over 100,000 pictures spanning 200 different
categories. One of the key innovations of ResNet34 is the introduction of residual-block that help
address difficulty in disappearing or high gradients that can occur in deep networks. These blocks utilize
a technique called skip connections, where the activations of one layer are passed directly to a
subsequent layer, bypassing one or more intermediate layers. This creates a residual block, and stacking
these blocks forms the core of ResNet34. A depiction of ResNet architecture is shown in Fig. 4 along
with the its basic element in Fig. 5.

The architecture of ResNet34 is inspired by the VGG-19 model but with an important modification: the
addition of shortcut connections. These shortcuts transform the basic 34-layer network into a residual
network, enhancing its performance and training efficiency. In essence, a residual network (ResNet) is a
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type of CNN where the fundamental component is the residual block, characterized by its skip
connections. This innovative design is illustrated in Fig. 5 below:

The major software implementation is designing and training the ML algorithm. Datasets for training
algorithms are taken from Kaggle open-source database. The trained model includes around 6000 to
8000 images including three types of diseased leaves of tomato plants and also healthy leaves. The
datasets also include some other images designed to detect the environment when any tomato plant
leaves are not shown to the camera. The list is shown as a snapshot in Fig. 6.

After linking the drive (Which contains the datasets) to Google Colab, then a path directory is created to
access the images. Figure 7 shows some of the random images from the considered diseases have
been printed on the colab notebook for visualization of the datasets considered.

The model is then divided into train, test, and validation datasets where validation dataset images are
utilized to verify algorithm accuracy in the training phase. Algorithms use both VGG16(Visual Geometry
Group 16) and ResNet(Residual Network) algorithms for feature extraction and training of the model.
This ensures that the 20 features are extracted in depth to detect the diseases in the tomato plant
leaves. The learning rate during the training phase can be observed in Fig. 8.

Results and Discussions

The software implementation phase involved training a machine learning model on datasets obtained
from Kaggle, containing healthy and diseased pictures of tomato leaves. Leveraging VGG16 and ResNet
algorithms facilitated thorough feature extraction, enabling accurate disease detection. After training the
datasets through various algorithms and through three epochs, the accuracy of the simulation is
obtained around 95% (Fig. 9).

The 4.1 shows various losses and accuracy in trained algorithm over training period. Summary for
various diseases (Some other than the diseases considered) can also be seen with the accuracy for
each of the disease in Fig. 10.

After the simulation, Fig. 11 depicts the confusion matrix, and the heat map is plotted to analyze the
accuracy for each of the trained classes (Diseases in tomato leaves).

The heatmap generated after training illustrates the performance of the machine learning model across
different classes. Each cell in the heatmap represents the model’s accuracy for a specific combination of
predicted and actual classes. This visualization (in Fig. 12) helps to identify any patterns of
misclassification or areas where the model performs particularly well. Heatmaps become a valuable tool
for model evaluation.

Following successful model training, it was deployed on a Raspberry Pi for real-time application,
demonstrating its efficacy in practical agricultural settings. The accuracy plot is shown in the below
Fig. 13 and Fig. 14.
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Considering the confusion matrix, various parameters for the performance evaluation is calculated.
Table 2 is a list of these various parameters for better understanding.

Table 2
Performance Evaluation using various parameters

Class/Metric Precision Recall F1-Score Overall Accuracy
Bacterial-spot 95.37 9600 9568

Early-blight 88.31 9067 8947

Healthy 99.33 9867 9900

Late-blight 92.81 9404 9342

Leaf-mold 97.93 9467 9627

Overall accuracy 9493

The real-time detection is done using a camera and streamlit function to launch a website. Python code
is used for the implementation of this function.

Conclusion

The model has successfully shown various uses of advanced ML algorithms in detecting diseases of
tomato leaf. By leveraging a comprehensive dataset from Kaggle, which includes pictures of both
diseased and un-diseases leaves of tomato, the model is meticulously trained to distinguish between
different disease states with high accuracy. The training phase involved division of datasets to three
different categories, ensuring robust evaluation and fine-tuning.

The use of sophisticated CNN methods (VGG16 & ResNet) was crucial for getting a simulation accuracy
approximately 95%. These architectures are well-regarded in feature extraction of relevant parameters
from images, which is essential for accurate disease classification. Throughout the training process, the
learning rate and other hyperparameters were carefully adjusted to optimize algorithm's effectiveness, as
visualized in training logs and plots.

In practical terms, the software demonstrated a significant capability to identify diseases in controlled
conditions. However, the transition to real-time applications revealed a slight drop in accuracy. This
discrepancy highlights the inherent challenges of real-world deployments, such as varying lighting
conditions, different angles of leaf presentation, and potential occlusions. Despite these challenges, the
real-time performance remains commendable, indicating algorithm's robustness along with
effectiveness in training regime.

The outcomes of this software implementation are promising, suggesting that machine learning can be

a valuable tool in agricultural disease management. The ability to recognize and identify the disease will

provide insights to farmers take timely actions, potentially reducing crop losses and improving yields.
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Furthermore, the insights gained from this project provide a solid foundation for future improvements,
like use of more datasets and refined algorithms, and improving real-time processing capabilities.

Some of the main advantages of the model are:

High Accuracy in Controlled Condition

Utilization of Advanced Algorithms

Real-Time Processing

Automation
Some of the limitations are:

e Reduced Accuracy in Real-Time Applications
e Dependency on Quality of Input Data
e Complexity in Implementation

e Complexity in Implementation

In future, the machine learning model can be integrated with a hardware module for real-time analysis.
The efficiency of the model can be enhanced using various and quality datasets to extract the features
correctly
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Figure 1

Various Blocks included in the Model Methodology.
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Basic CNN architecture visual representation
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Figure 3

Architecture of Visual Geometry Group 16 (VGG16)
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Figure 4

Architecture of Residual Network (ResNet)
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Figure 5

Building block of ResNet architecture
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Figure 6

Dataset classes considered
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Figure 7

Random Images of the Dataset classes considered
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Figure 8

Learning rate of the model
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I 6 67% (2 344:36<1 5217

epoch train_loss valid_loss accuracy error_rate time
0 0.692623 0.203530 0.930218 0.069782 1:53:02
1 0.324031 0.117249 0.956917 0.043083 1:51:33

I 61.672% [37/60 56:32<35:08 0.2246]

epoch train_loss valid loss accuracy error_rate time
0  0.692623 0.203530 0.930218 0.069782 1:53:02
1 0.324031 0.117249 0.956917 0.043083 1:51:33
2 0.184742 0.089094 0.967233 0.032767 1:50:08

Figure 9

Accuracy and other parameters of the trained Model

CLASS ACCURACY  # SAMPLES
bacterialspot 0.96 150
earlyblight 0.91 150
healthy 0.99 150
lateblight 0.95 150
leafmold 0.95 150

Figure 10

Accuracy of the various datasets considered
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Figure 11

Accuracy and Error Matrix of the trained algorithms
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Figure 12

Heat Map of the proposed Model
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Figure 13

Accuracy of the trained system
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Figure 14

Loss of the trained system.
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Figure 15

Unnumbered image in the Results and Discussions section.
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prediction [[6.5388831e-085 2.1520150e-07 1.388U102e-86 9.9978179e-01 1.51255U9e-04]]
confidence = 0.9997818

Figure 16

Unnumbered image in the Results and Discussions section.
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