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ABSTRACT: In response to the issues of volatile climate patterns and infestations by pests, this proposal aims at
creating a software application capable of assisting farmers in identifying plant diseases and detecting pests. The main
aim is to equip farmers with a tool that allows for early identification, which will aid in making well-informed
decisions in crop management. Through the use of machine learning algorithms and sophisticated image recognition
methods, the suggested software is expected to deliver precise identification of pests and diseases. This technological
solution has the potential to play an important role in minimizing crop losses and reducing the dependency on chemical
inputs in agriculture. The proposed software is an invaluable tool for farmers around the world, providing a functional
means to increase their capacity to effectively counteract new threats to crop health. With this innovation, the
agricultural community can enjoy a more sustainable and more resilient approach to agricultural practices, ensuring
long-term viability and productivity under threatening environmental conditions.

L. INTRODUCTION

Agriculture is a paramount importance in India, serving as the backbone of the economy and a major source of
livelihood for millions. It ensures food security, generates employment, contributes to exports, and plays a vital role in
cultural traditions and rural development. The sector’s resilience is crucial for overall economic stability and societal
well-being. The agricultural landscape is continuously threatened by various diseases and pests that adversely impact
crop health and yield. Yield loss due to a particular disease not only depends on the severity of the disease but also on
weather conditions, the aggressiveness of the pathogen, and the capacity of the crop to make up for diminished
photosynthetic surface. Plant diseases pose a multifaceted threat to agricultural produce, adversely affecting shelf life,
nutritional content, yield, and overall aesthetic appeal. The ramifications are extensive, rendering certain crops
unsuitable for the market. The predominant culprit behind plant diseases is fungi, with well over 100,000 species
identified. Notably, only a relatively small fraction of these fungi can induce plant diseases Globally, an
estimated14.1diseases. In India, the impact is particularly pronounced, with losses rangingfrom 15output due to the
combined effects of pests, weeds, and diseases. Accurately estimating yield losses becomes paramount in strategizing
disease management, determining thresholds that warrant acute control measures. This approach not only addresses
economic concerns but also aligns with environmentally sensible practices, fostering a balanced and sustainable
approach to agricultural disease management. In response to these challenges, our initiative is focused on providing
farmers with advanced tools for the early detection and identification of crop diseases and pests through the
implementation of Deep Learning models. The unpredictable nature of temperature changes and weather fluctuations
significantly contributes to the vulnerability of crops, making it imperative for farmers to adopt proactive measures.
Our approach leverages the power of the Learning field of Agriculture. Deep Learning is an Artificial Intelligence
method that trains computers to process data in a manner that imitates the human brain. Deep learning models can
identify intricate patterns in images, text, audio, and other data to generate precise insights and forecasts. There exist
three categories of commonly utilized deep neural networks, i.e., Multi-Layer Perceptron (MLP), Convolutional Neural
Networks (CNN), and Recurrent Neural Networks (RNN). In Deep Learning, a Convolutional Neural Network or CNN
refers to a deep learning network architecture that learns directly from data. CNNs are best suited to look for patterns in
images to recognize classes, categories, and objects. They are also very useful in classifying signal, time-series, and
audio data. By harnessing the capabilities of Deep Learning, we aim to empower farmers with a sophisticated tool that
not only detects but also accurately identifies the nature of the threats to their crops. Farmers may not be able to
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accurately identify the disease of the crop or the pests attacking their crops, to take preventive measures, which may
further lead to yield loss. In essence, our Deep Learning based Integrated Crop Protection Management system serves as
a technological ally, offering farmers a reliable means to enhance their decision-making processes and implement
targeted interventions. We aspire to contribute to the sustainability and productivity of agricultural practices, ultimately
fostering a more resilient and secure future for farmers and productivity E. Detection of Tomato Leaf Diseases for
Agro-Based Indus- tries Using of agricultural practices. Rest of the section is contributed as follows: Section2deals
with the detailed analysis of literature survey. Section3contains the process of proposed CNN method. Section4provides
the results of the CNN model for the plant diseasedetection and pests identification.

IL. LITERATURE REVIEW

A. Deep Learning Model for Plant Disease Identification and Classification with Pesticide Recommendation.

It employs PDDC-Net system employs deep learning models for detecting and classifying plant diseases along with
pesticide suggestion. PDDC-Net is able to detect and classify plant diseases accurately, which can assist farmers in
taking timely action so that crop loss can be prevented. The system is able to suggest pesticides for plant diseases, which
can reduce time and resources for farmers. The data used in this research is limited to rice diseases, and the system
might not work as efficiently on other crops.

PDDC-Net might not be available to farmers who lack access to technology or the internet.

B. Machine Learning and Deep Learning for Plant Disease Detection and Classification

It applies Machine Learning and Deep Learning approaches to plant disease detection and classification. Delineates the
most promising Machine Learning and Deep Learning methods for plant disease detection and classification. Does not
give an exhaustive overview of all ML and DL methods applied to precision agriculture, but only specifically for the
detection and classification of plant diseases

C. Plant Disease Classifier: Detection of Dual-Crop Diseases Using Lightweight 2D CNN Architecture

It trains the 2D CNN model on the training set. Visualizes the detection obtained by the trained model using class
activation maps and a heatmap produced using the Grad-CAM technique. The 2D CNN model is lightweight and needs
less storage space and parameters compared to transfer learning models. The methodology obtains high accuracy in
plant disease detection in tomato and cotton leaves. Plant Disease Classifier is effective for dual-crop diseases in
tomato, however, its effectiveness with other crops or diseases may not be as good.

D. Wheat Disease Classification Using Continual Learning

Employing few-shot learning methods using state-of-the-art EfficientNet as the base architecture. Employs an
attention- based mechanism for feature extraction to minimize false positives even from a small number of images from
new classes. Evades the pitfalls of data-thirsty deep learning architectures. Has the capability to adapt to new classes
with small data. Results are not strictly comparable to other work.Novel PCA DeepNetEmploys a PCA DeepNet
architecture with 10 CNN layers for the identification of tomato leaf diseases. The architecture can be further optimized
to minimize computational time and complexity while ensuring high accuracy. It is restricted to the identification of
tomato leaf diseases and does not deal with other forms of plant diseases.

III. PROPOSED METHOD

With the intent of addressing the prevailing research gap and enhancing the accessibility of crop protection solutions,
our proposed methodology centers around the implementation of a Sequential Convolutional Neural Network (CNN)
model. The Sequential model in the realm of neural networks, particularly in frameworks like TensorFlow and Keras,
represents a linear stack of layers. This model type is characterized by a straightforward, feedforward architecture,
making it well-suited for building simple neural networks where data flows sequentially from input to output. The
sequential nature of the model implies that each layer in the stack has precisely one input tensor and one output
tensor, creating a step-by- step of data processing. This approach is designed to significantly improve the accuracy and
applicability of the model, while simultaneously addressing challenges related- quality and user-friendliness. Our
methodology is tailored to assist farmers in the detection of plant diseases across a diverse range of crops. Specifically,
it targets 2 key crops, namely Apple and Potato. The utilization of the model ensures that the model is capable of
accurately identifying diseases affecting these crops, contributing to a more comprehensive and inclusive agricultural
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support system. In tandem with disease detection, our proposed methodology extends its capabilities to pest detection.
The integration of the Sequential model and the meticulous consideration of a diverse dataset encompassing these 2
crops and 10 pests enhances the versatility and reliability of our proposed methodology. Coupled with an emphasis on
user-friendly implementation, our approach strives to bridge existing gaps and offer farmers an efficient, accessible,
and comprehensive solution for integrated crop protection management. Model Construction Process consists of a few
steps, like data collection, pre-processing, deciding the model architecture, training the model with the datasets, testing
the model, and evaluating the model’s performance.
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Fig 3.1. Images from the Dataset

A. Data Collection and Pre-processing

Assemble a diverse and representative dataset containing ages of various crops, diseases, and environmental conditions.
Annotate the dataset with accurate labels for plant species, diseases, and other relevant attributes. Resize and
standardize- ize images, perform data augmentation to enhance diversity, and split the dataset into training, validation,
and testing sets.

B. Model Architecture

Experiment with different deep learning architectures, emphasizing those designed for small-scale object detection and
robustness to environmental variations. Discuss transfer learning methods, taking into account pre-trained models and
fine-tuning for the particular goals. Upon trying out various models, we determined the Sequential CNN model to be
the best with both datasets. Figure 3.2 illustrates the architecture of the Sequential CNN model employed. The model is
constructed using a data augmentation layer, several layers of convolutional layers, and max pooling layers. Flattening is
performed at the end of such convolutional and max pooling layers. It serves to transform all the resulting 2-
dimensional arrays from pooled feature maps into one long continuous linear vector. The flattened matrix is passed as
input to the fully connected layer in order to classify the image.
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Fig.3.2. Layers of the Sequential Model

used for this model training are previously separated into training and testing sets. We randomly divide the dataset into
three sets named as the train, validation, and test set. The splits may be 50/25/25 or 60/20/20 or any other effective ratio.
We train the model on the train set. We test the model on the validation set while training the model. Hyperparameter
tuning enables to adjust model performance to achieve the best results. Tuning is an integral part of deep learning, and
selecting suitable hyperparameter values is vital to success. Hyperparameters are kernel size, number of kernels, stride
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length, and pooling size, which directly influence the CNN's performance and training speed. Additionally, the effect of
hyperparameters grows as the network becomes more complex. Table 2 provides the hyperparameters values for our
combined model. If you only have a limited amount of records in your data or are seeing a lot of records fail validation,
you might need to significantly boost the number of epochs to allow the neural network to learn the data structure. Plant
dataset contains massive data and the Pest dataset contains much lesser data in comparison with the Plant Dataset.
Hence the epochs for plant disease detection model are fewer than the pest detection model.

TABLE II. HYPERPARAMETERS
Hyperparameters Values
Kernel size (3,3)
Pooling size (2,2)
Batch size 32
INumber of Epochs (Plant Disease Detection(10
Model)

INumber of Epochs (Pests Detection Model) |70

TABLE II HYPERPARAMETER SETTINGS

A. Training TABLE I NEURAL NETWORK LAYER SUMMARY

Layer Output Shape Parameters #
sequential 1 (32, 256, 256, 3) 0
sequential (32, 256, 256, 3) 0
Conv2d 12 (32, 254, 254, 32) 896
Max pooling2d 11| (32, 127, 127, 32) |0
Conv2d 13 (32, 125, 125, 64) 18496
Max pooling2d 12 (32, 62, 62, 64) 0
Conv2d 14 (32, 60, 60, 64) 0
Max pooling2d 13 (32, 30, 30, 64) 0
Conv2d 15 (32, 28, 28, 64) 36928
Flatten 1 (32, 256) 0
Dense 1 (32, 64) 16448
Dense 2 (32, 3) 195

B. Testing and Evaluation

Evaluate the trained models on the dedicated testing set to assess their generalization performance. Employ
validation

Dividing the dataset into training and testing is a very important step in the model’s performance. Both the
datasetstechniques, such as cross-validation or holdout claim, to ensure goodness in assessing model effectiveness.
Analyze

key metrics, such as accuracy, to gauge the model’s perfor- mance on both the training and testing datasets. Iteratively
refine the model based on validation results, adjusting hyperpa- rameters as needed to achieve optimal results in terms of
both accuracy and generalization.

IV.RESULTS

An integrated model solution encompassing both crop dis- ease detection and pest detection models. The model features
a crop disease detection model capable of identifying diseases based on input leaf images. The model is trained to
recognize diseases in 2 different crops: Apple and Potato. The model includes a pesticide detection model trained to
identify pests in agricultural settings. The model is trained to recognize nine specific pests: Aphids, Armyworm,
Beetle, Bollworm, Grasshopper, Mites, Mosquito, Sawfly, and Stem Borer.
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The integrated system aids farmers in easily identifying crop diseases, enabling them to take timely preventive measures.
By pinpointing the specific crop disease, farmers can implement targeted interventions, safeguarding the overall health
of the crop and enhancing yield.

The pest detection module assists farmers in identifying the type of pest affecting their crops. This information
empowers farmers to take effective preventive measures against the iden- tified pests, contributing to better pest
management practices. The integrated model serves as a valuable tool for farmers, providing actionable insights for
disease and pest management. By facilitating early detection and appropriate intervention, the model contributes to crop
health and, consequently, improved agricultural yields.

The model successfully detects the plant disease for both Apple and Potato with a accuracy of 99% and also detects
the Pests for 10 different pests with a accuracy of 95%. These models are connected to the backend API using the
FastAPLIt is a lightweight, quick (high-performance), web framework to create APIs with Python 3.7+ using standard
Python type hints. It should be easy to use and quick to create high- performance APIs.

V.CONCLUSION

In summary, the Integrated Crop Protection Management model is a transformative solution merging crop disease
detection and pest identification for diverse crops. Future plans involve deploying this comprehensive tool as a mobile
application, ensuring widespread accessibility for farmers. The model’s deep learning capabilities empower farmers to
swiftly identify and address crop diseases and pests, promoting targeted interventions. The impending mobile app launch
reflects our commitment to user-friendly access, enhancing the practicality of this advanced agricultural tool. By
leveraging technology, we strive to democratize crucial information for farmers, fostering sustainability and
maximizing yields. The integrated model stands as a bridge between innovation and practical solutions, aiming to
revolutionize global agriculture and contribute to food security.

REFERENCES

1. Amer Tabbakh and Soubhagya Sankar Barpanda, “A Deep Features Extraction Model Based on the Transfer
Learning Model and Vision Transformer “TLMViT” for Plant Disease Classification” - (2023)

2. Muhammad Hammad Saleem, Johan Potgieter, and Khalid Mahmood Arif, “A Performance-Optimized Deep
Learning-Based Plant Disease Detection Approach for Horticultural Crops of New Zealand” - (2022)

3. Tiago Domingues, Toma’s Branda®o and Joa™o C. Ferreira, “Machine Learning for Detection and Prediction of
Crop Diseases and Pests: A Comprehensive Survey” - (2022)

4. Andrew J, Jennifer Eunice, Daniela Elena Popescu, M. Kalpana Chowdary, and Jude Hemanth, “Deep Learning-
Based Leaf Disease Detection in Crops Using Images for Agricultural Applications”- (2022)

IJIRCCE©2025 | AnISO 9001:2008 Certified Journal | 10296




©2025 IJIRCCE | Volume 13, Issue 5, May 2025| DOI:10.15680/1JIRCCE.2025.1305125

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

A LA e g1l | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

‘zﬁ k‘)} m International Journal of Innovative Research in Computer
1 ' and Communication Engineering (IJIRCCE)
IJ I RGCE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Naeem Ullal, Javed Ali Khan , Lubna Abdulaziz Alharbi, Asaf Razal, Wahab Khan, and [jaz Ahmad, “An
Efficient Approach for Crops Pests Recognition and Classification Based on Novel DeepPestNet Deep Learning
Model” -(2022)

XiangyingXul, Hongjiang Wang, Minmin Miao, Weijian Zhangl, Yonglong Zhang, “Cucumber Flower Detection
Based on YOLOvSs- SE7 Within Greenhouse Environments”- ( 2023)

N.Srikanth, Gutla Sri Lakshmi Bhargav, Bolla Tirupathi Rao, Mandadi Lakshmi Sai Likhitha, “Deep Learning
Model for Plant Disease Detection and Classification with Pesticide Suggestion” - (2023)

Asileios Balafas , Emmanouil Karantoumanis , Malamati Louta , (Senior member, IEEE), and Nikolaos Ploskas,
“Machine Learning and Deep Learning for Plant Disease Classification and Detection” - (2023)

Hasibul Islam Peyal, Md. Nahiduzzaman, Md. Abu Hanif Pramanik, Md. Khalid Syfullah, Saleh Mohammed
Shahriar, Abida Sultana, Mominul Ahsan 5, Julfikar Haider, Amith Khandakar, “Plant Disease Classifier:
Detection of Dual-Crop Diseases Using Lightweight 2D CNN Architecture” -(2023)

Taswar Ahsan ,Ansar Javeed, Magsood Ahmed, “Applications of Artificial Intelligence in Crop Disease Diagnose
and Management” - (2022)

Abdulaziz Alharbi, Muhammad Usman Ghani Khan, and Bushra Tayyaba, “Wheat Disease Classification Using
Continual Learning” - (2023)

Kyamelia Roy, Sheli Sinha Chaudhuri, (Member, IEEE), Jaroslav Frnda, (Senior member, IEEE), Srijita
Bandopadhyay, Ishan Jyoti Ray, Soumen Banerjee (Senior Member, IEEE), and Jan Nedoma, “Detection of
Tomato Leaf Diseases for Agro-Based Industries Using Novel PCA DeepNet” -(2023)

Yan Zhang, Shiyun Wa, Longxiang Zhang and Chunli Lv, “Automatic Plant Disease Detection Based on
Tranvolution Detection Network With GAN Modules Using Leaf Images” -(2022)

Muhammad Ali Saqib, Muhammad Aqib, Muhammad Naveed Tahir and Yaser Hafeezl, “Towards deep learning
based smart farming for intelligent weeds management in crops” - (2023)

Wisnu Gilang Pamungkasl, Muchammad Igbal Putra Wardhana2, Zamah Sari 3 , Yufis Azhar, “Leaf Image
Identification: CNN with EfficientNet-B0O and ResNet-50 Used to Classified Corn Disease” - (2023)

Muammer Turkoglu, Berrin Yanikog u, Davut Hanbay, “PlantDiseaseNet: convolutional neural network ensemble
for plant disease and pest detection” (2020)

Muammer Turkoglu, Davut Hanbay, Abdulkadir Sengur, “Multi-model LSTM-based convolutional neural
networks for detection of apple diseases and pests” (2019)

P. Praveen, Mandala Nischitha, Chilupuri Supriya, Mitta Yogitha, and Aakunoori Suryanandh, “To Detect Plant
Disease Identification on Leaf Using Machine Learning Algorithms” (2023)

Attaluri, V., & Aragani, V. M. (2025). Sustainable Business Models: Role-Based Access Control (RBAC)
Enhancing Security and User Management. In Driving Business Success Through Eco-Friendly Strategies (pp.
341-356). IGI Global Scientific Publishing.

Emmanuel Moupojou, Appolinaire Tagne, Florent Retraint, Anicet Tadonkemwa, Dongmo Wilfried, Hyppolite
Tapamo, Marcellin Nkenlifack, “FieldPlant: A Dataset of Field Plant Images for Plant Disease Detection and
Classification With Deep Learning” (2023)

Khalid M. Hosny, Walaa M. El-Hady, Farid M. Samy, Eleni Vrochidou, George A. Papakostas, “Multi-Class
Classification of Plant Leaf Dis- eases Using Feature Fusion of Deep Convolutional Neural Network and Local
Binary Pattern” (2023)

IJIRCCE©2025 |  AnISO 9001:2008 Certified Journal | 10297




INTERNATIONAL

STANDARD INNO @ SPACE

SERIAL e

o Wit CrOSS Sf

INTERNATIONAL JOURNAL
OF INNOVATIVE RESEARCH

IN COMPUTER & COMMUNICATION ENGINEERING

(8) 9940 572 462 (2) 6381 907 438 £ ijircce@gmail.com

r :.-'.4.' £ H
WWW. “lrcce.cnm Scan to save the contact details



