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Abstract—This paper presents an advanced approach for 
detecting crop pathogens using deep learning techniques, 
specifically Convolutional Neural Networks (CNNs). 
Agricultural crop diseases pose a significant threat to global 
food security, neces- sitating rapid and accurate detection 
methods. Leveraging the power of deep learning, our proposed 
system utilizes enhanced CNN architectures to analyze images 
of diseased crops captured in the field. The CNNs are trained 
on large datasets of annotated images encompassing various 
crop species and pathogen types, enabling robust and 
generalized detection capabilities. Through extensive 
experimentation and evaluation, we demonstrate the 
effectiveness of our approach in accurately identifying crop 
pathogens with high precision and recall rates. Furthermore, 
we explore techniques to enhance model performance in sce- 
narios with limited training data and address challenges 
such as variability in image quality and complex visual 
similarities between different diseases. Our results indicate that 
CNN-based methods offer a promising solution for early and 
automated detection of crop diseases, facilitating timely 
interventions and ultimately contributing to sustainable 
agriculture practices and food security. 
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I.  INTRODUCTION 

 

Agriculture is the spine of worldwide meals safety, yet it 

faces sever challenges, amongst which crop illnesses posea 

considerable threat. these illnesses, resulting from pathogens 

including fungi, microorganism, and viruses, can result in 

enormous yield losses, economic hassle for farmers, 

and ability meal shortages. The ability to unexpectedly and 

accurately stumble on crop pathogens is, 

pick out applicable investment company right here. If none, 

delete this.therefore, crucial for implementing timely 

interventions and mitigate their devastating impact. 

traditional methods of plant ailment analysis rely heavily on 

professional visual inspection, that is often time-eat, hard 

work-intensive, and subjective. furthermore, the ac- curacy 

of those techniques can be tormented by elements along 

with the expertise of the inspector and the diffused versions 

in sickness signs. In recent years, the sector of plant disease 

detection has been revolutionized with the aid of the ad- 

vent of deep mastering technologies, especially 

Convolutional Neural Networks (CNNs). CNNs have 

verified remarkable achievement in various im- age category 

tasks, thanks to their potential to mechanically examine 

hierarchical capabilities from uncooked snap shots. This 

functionality makes them particularly properly-appropriate 

for project of crop pathogen detection, which involves 

figuring out complicated visual 

styles in plant photos which are indicative of disease. 

traditionally, the analysis of plant sicknesses has relied 

heavily on methods of visual inspection. these strategies 

commonly involve skilled experts meticulously analyzing 

veg- etation for characteristic signs and symptoms, including 

leaf spots, wilting, discoloration, or stunted boom. at the 

same time as these traditional strategies have played a 

essential position in plant disease management for many 

years, they be afflicted by several inherent dilemma. 

one of the maximum full-size boundaries of visible in- 

spection is that it is mostly a time-consuming and exertions- 

in depth manner. huge-scale agricultural operations may also 

contain tremendous fields of vegetation, making it 

impractical 
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to manually look at every unmarried plant. This hard work 

depth can result in delays in dis- ease detection, permitting 

pathogens to unfold and cause extra significant damage be- 

fore any intervention may be implemented. furthermore, the 

accuracy of visible inspection is particularly depending 

on the information and experience of the inspector. The 

diffused variations in disease symptoms, specially within the 

early stages of infection, can be difficult to parent, even 

for educated specialists. elements inclusive of lighting 

fixtures conditions, plant range, and the presence of multiple 

diseases can similarly complicate the diagnostic process. 

Subjectivity is every other aspect, as different inspectors 

might also in- terpret the identical signs and symptoms 

otherwise, main to inconsistencies in analysis. 

In current years, the sphere of plant ailment detection has 

passed through a transformative shift, pushed with the aid of 

rapid development in the subject of synthetic intelligence, 

and extra specifically, deep gaining knowledge of 

technologies. Deep mastering, a subfield of system learning, 

has verified super fulfillment in a extensive variety of 

packages, inclusive of image popularity, herbal language 

processing, and speech reputation. some of the various deep 

mastering architectures, Convolutional Neural Networks 

(CNNs) have emerged as an especially effective tool for 

photo class tasks 

CNNs are a sort of synthetic neural community mainly 

designed to system and analyze dependent records, 

consisting of pictures. 

Their structure is inspired through the company of the visual 

cortex in the human brain, permitting them to automatically 

study hierarchical representations of visual features from un- 

cooked enter pictures. This capacity to study complicated 

styles and capabilities makes CNNs rather well-ideal for the 

project of crop pathogen detection, which inherently entails 

figuring out diffused and tricky visual cues that are indica- 

tive of sickness. This paper introduces a CNN-based totally 

machine for correct and efficient crop pathogen detection. 

utilizing big datasets of crop pictures, the machine’s 

structure incorporates more than one convolutional layer for 

feature extraction and type. Tensor drift strategies and 

information augmentation methods are hired to enhance 

version overall performance and generalization. The 

machine’s actual-time abilities enable set off identification 

of pathogens, promising to revolutionize crop disease 

practices and make contributions to international meals 

safety. 

I. LITERATURE REVIEW 

artificial intelligence (AI) has definitely converted many 

fields, particularly in agricultural diagnostics, in which it has 

made disease detection and category more automatic, 

correct, and efficient. A standout software of AI in 

agriculture is its role inside the early detection and diagnosis 

of crop sicknesses, which pose a sizeable danger to 

worldwide meals safety. Traditional strategies frequently 

depend up on agricultural spe- cialists manually examining 

plants, a system that may be slow, subjective, and heavily 

reliant on the expert’s understanding. 

but, by integrating AI and deep studying techniques, we’ve 

seen a sizeable raise in diagnostic accuracy and accessibility, 

paving the manner for higher results. 

    A.Deep Learning Based Image Classification: 

AI-powered laptop-aided diagnostic equipment can usefully 

resource in crop disorder detection. and other researchers 

have tested the efficacy of CNNs in as it should be 

classifying scientific photos, including the ones of skin 

sicknesses. that research has highlighted the potential of 

CNNs to analyze complex styles and capabilities from 

photographs, enabling them to differentiate among specific 

conditions with high accuracy. The achievement of CNNs in 

medical photo evaluation has paved the way for his or her 

utility in agricultural diagnostics, wherein similar challenges 

exist in phrases of photograph complexity and variability. 

     B. Transfer Learning: 

Transfer gaining knowledge of has emerged as a precious 

method in situation wherein obtaining massive categorized 

datasets is tough. This method includes using pre-educated 

fashions, initially skilled on massive datasets like ImageNet, 

and best-tuning them for a particular challenge. switch 

learning can appreciably lessen the quantity of training facts 

and computational sources required, making it a feasible 

choice for crop disease category. 

     C. Challenges in Crop Disease Classification: 

Despite the improvements in AI-pushed diagnostic struc- 

tures, numerous demanding situations remain. one of the 

primary challenges is the variety of crop diseases and their 

visual similarities. Many conditions percentage overlapping 

visible characteristics, making differentiation tough even for 

experienced specialists. AI fashions require enormous and 

numerous datasets to analyze those diffused variations as it 

should be. but present datasets regularly suffer from elegance 

imbalance, wherein some diseases are over- represented 

even as others lack sufficient information. This imbalance 

can lead to biased model predictions, where the AI gadget 

turns into greater gifted at detecting commonplace situations 

while suf- fering with rarer ones. additionally, ensuring that 

AI fashions carry out nicely throughout one of a kind crop 

sorts, environ- mental conditions, and photo features is 

essential for actual- global applicability. 

     D. Related Work in Agriculture: 

The software of device learning in agriculture extends 

beyond sickness detection. Bandara, Weerasooriya, and 

Ruchi- rawya (2020) proposed a “Crop advice system” using 

gadget studying strategies consisting of Na¨ıve Bayes 

(Multi- no- mial) and assist Vector system (SVM), 

Unsupervised device gaining knowledge of set of rules 

which include ok-manner Clustering and also natural 

Language Processing (Sentiment evaluation) to suggest a 

crop for the chosen land with website- particular parameters 

with high accuracy and performance. Such structures aim to 

optimize crop selection primarily based on environmental 

elements. 
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II. PROBLEM STATEMENT    

Crop pathogens are a persistent and developing risk to 

international agricultural productiveness, food safety, and 

economic balance. those diseases, because of a big selection 

of microorganisms which include fungi, microorganism, 

viruses, nematodes, and others, motive tremendous damage 

to crops in any respect ranges of increase, result Yield Losses 

Pathogens can substantially reduce crop yields, main to 

reduced food manufacturing and eco- nomic trouble for 

farmers. decreased excellent: sicknesses can diminish the 

best of crops, making them mistaken for consumption or 

sale.Financial impact: Crop diseases result in extensive eco- 

nomic losses for farmers, agricultural companies, and 

countrywide economies .Traditional techniques for crop 

pathogen detection present several limitationsvisual 

Inspection: relying on visible symptoms is subjectively, 

inconsistent, and frequently useless for early detection. 

Laboratory evaluation: while correct, laboratory as- 

sessments are time-ingesting, expensive, and require spe- 

cialized equipment and understanding.restricted Scalability: 

modern-day methods are often not scalable a position for 

large-scale agricultural opera- tions.The demanding 

situations posed with the aid of crop pathogens are growing 

due to:weather trade: Altered climate patterns prefer the 

unfold and improvement of pathogens. 

Globalization: accelerated trade and travel facilitate the 

movement of pathogens across borders. 

Pathogen Evolution: Pathogens evolve and develop 

resistance to manipulate measures, making management 

harder. 

in depth Agriculture: Practices like monoculture can boom 

crop susceptibility to sicknesses. 

The consequences of ineffective pathogen detection are 

excessive not on time Intervention: late detection lets in 

illnesses to unfold, causing more damage. 

ineffective manipulate: faulty diagnoses lead to the 

application of beside the point or ineffective remedies. 

 

Environmental harm: Overuse of pesticides due to useless 

disorder control can damage the environment. 

therefore, the development of speedy, accurate, scal- able, 

and price-effective methods for crop pathogen detec- tion is 

vital for 

Early disease control: timely detection enables activate 

intervention and forestalls large outbreaks. 

stepped forward Crop fitness: powerful pathogen detection 

ends in more healthy plants and extended yields. 

 

Food insecurity: In intense instances, tremendous crop dis- 

ease can result in food shortages, fee increases, and famine, 

especially in inclined areas.traditional techniques for crop 

pathogen detection present several limitations 

visual Inspection: relying on visible symptoms is 

subjectively, inconsistent, and frequently useless for early 

detection. 

 

Laboratory evaluation: while correct, laboratory as- sessions 

are time-ingesting, expensive, and require specialized 

equipment and understanding. 

 

 

 

 

restricted Scalability: modern-day methods are often not   

scalable a position for large-scale agricultural opera- tions. 

    The demanding situations posed with the aid of crop   

pathogens are growing due to 

weather trade: Altered climate patterns prefer the unfold and    

improvement of pathogens. 

 Globalization: accelerated trade and travel facilitate 

the  movement of pathogens across borders. 

 

Pathogen Evolution: Pathogens evolve and develop 

resistance to manipulate measures, making management 

harder. 

In depth Agriculture: Practices like monoculture can boom 

crop susceptibility to sicknesses. 

The consequences of ineffective pathogen detection are 

excessive: 

not on time Intervention: late detection lets in illnesses to 

unfold, causing more damage. 

 

Ineffective manipulate: faulty diagnoses lead to the 

application of beside the point or ineffective remedies. 

 

Environmental harm: Overuse of pesticides due to useless 

disorder control can damage the environment. 

therefore, the development of speedy, accurate, scalable, and 

price-effective methods for crop pathogen detection is vital 

for 

 

Early disease control: timely detection enables activate 

intervention and forestalls large outbreaks. 

 

Stepped forward Crop fitness: powerful pathogen detection 

ends in more healthy plants and extended yields. 

Sustainable Agriculture: decreasing reliance on pesticides  

promoting sustainable sickness management practices. 

worldwide meals protection: making sure a strong and 

sufficient food deliver for a developing populace 

 

III. PROPOSED SYSTEM 

 

 CNN-Based Crop Pathogen Detection: 

Our proposed device leverages the electricity of Convolu- 

tional Neural Networks (CNNs) to address the vital venture of 

crop pathogen detection. The core of the machine is a CNN 

version designed to robotically and accurately pick out plant 

diseases from virtual pix of vegetation. This automatic 

approach gives big blessings over conventional strategies, 

supplying a extra green, objective, and scalable answer for 

ailment diagnosis. 
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 1. . CNN model architecture 

 The CNN model’s structure is stimulated by 

means of a success package of CNNs in photograph 

classification responsibilities, in particular in medical photo 

analysis and laptop vision. The model incorporates several 

key layers prepared to extract hierarchical capabilities from 

enter pictures and perform accurate classification input 

Layer: The enter to the CNN is a digital picture of a crop, 

which might also depict a leaf, stem, or different plant 

component. pics are preprocessed to ensure uniformity in 

size and format. 

 Convolutional Layers: The coronary heart of the CNN lies 

in its convolutional layers. those layers encompass a set 

of learnable filters or kernels that slide throughout the input 

photo, acting convolution operations. each filter extracts 

unique features from the photo, which include edges, 

textures, and patterns. more than one convolutional layer are 

stacked to study increasingly complex and summary 

features. 

 Activation capabilities: Following each convolutional layer, 

an activation feature, such as ReLU (Rectified Linear Unit), 

introduces non-linearity into the model. This non- linearity 

is essential for the CNN to examine complicated 

relationships inside the records. 

 Pooling Layers: Pooling layers are used to lessen the spatial 

dimensions of the characteristic maps generated by using the 

convolutional layers. This down sampling operation helps to 

lessen the computational value and makes the version greater 

strong to small variations inside the input photo. not unusual 

pooling operations include max pooling and average pooling. 

 absolutely related Layers: After numerous convolutional and 

pooling layers, the excessive-degree functions found out via 

the model are fed into fully related layers. those layers 

connect each neuron in one layer to each neuron in the 

subsequent layer, allowing the model to combine the 

extracted capabilities to make a final class. 

 Output Layer: The output layer of the CNN affords the final 

type result. For a multi-elegance classification problem (i.e., 

detecting a couple of sorts of diseases and healthy samples), 

the output layer generally uses a SoftMax activation function 

to supply a possibility distribution over the distinct 

instructions. 

 2. Model training and Optimization 

 The CNN version is educated using a large 

dataset of labeled crop photos. The training process entails 
It typically consists of several convolutional layers followed 

by activation functions like ReLU, pooling layers to reduce 

dimensionality, and fully connected layers for classification. 

The initial layers focus on detecting low-level features such 

as edges and textures, while deeper layers capture more 

complex patterns like leaf shapes or disease spots specific to 

different crop types.

Records practice: The dataset is divided into schooling,    

validation, and trying out sets. statistics augmentation tech-

niques, along with rotation, flipping, and zooming, are ap- 

plied to the schooling information to increase its range and 

improve the version’s generalization capacity. 

Optimization Algorithm: An optimization algorithm, such as 

stochastic gradient descent (SGD) or Adam, is used to update 

the model’s parameters iteratively. The goal is to minimize a 

loss function, such as categorical cross-entropy, which 

measures the difference between the two. model’s 

predictions and the true labels. 

 Hyperparameter Tuning: The model’s hyperparame- 

ters, such as the number of layers, filter sizes, and learning 

rate, are tuned using the validation set to optimize its 

performance. 

 Regularization Techniques: Regularization 

techniques, such as dropout or weight decay, may be 

employed to prevent overfitting and improve the model’s 

ability to generalize to unseen data. 

 

3. Key Features and Advantages 

The proposed CNN-based system offers several key features 

and advantages: 

Automated Feature Extraction: CNNs automatically learn 

relevant features from images, eliminating the need for 

manual feature engineering. 

High Accuracy: CNN models can achieve high accu- racy in 

crop pathogen detection, surpassing the perfor- mance of 

traditional methods. 

Scalability: The system can be scaled to process large 

volumes of crop images, enabling rapid and efficient disease 

monitoring. 

Early Detection: CNNs can detect subtle visual cues of 

diseases, facilitating early intervention and preventing 

widespread outbreaks. 

Objectivity: The automated nature of the system re- duces 

subjectivity and improves the consistency of disease 

diagnosis. 

 

 4. Potential Enhancements 

     The proposed CNN model can be further enhanced by: 

Transfer Learning: Leveraging pre-trained CNN mod- el,  

such    as those trained on ImageNet, can accelerate training 

and improve performance, especially when deal- ing limited 

datasets. 

Ensemble Methods: Combining the predictions of mul- tiple      

CNN models can further enhance the system’s accuracy and 

robustness. 

 Integration with Other Data Sources: Integrating 

image data with other data sources, such as environmental 

conditions and sensor data, can provide a more compre- 

hensive and accurate assessment of crop health. 

http://www.ijsrem.com/
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Fig. 1. Class Diagram 

 

 

IV. METHODOLOGY 

Our proposed methodology outlines a comprehensive 

approach for developing a crop pathogen detection system 

utilizing Convolutional Neural Networks (CNNs). The 

methodology 

encompasses several key stages, including data acquisition 

and preparation, CNN model architecture design, model 

training and validation, and performance evaluation. 

A. 1. Data Acquisition and Preparation 

 1.1 Image Dataset Collection: 

A diverse and representative dataset of crop images is 

essential for schooling a robust and standardizable CNN 

version. The dataset might be compiled from numerous as- 

sets and Publicly to be had datasets: Repositories of plant 

disorder images can be explored to gather a wide collection 

of pix. subject records series: images of healthy and diseased 

vegetation could be captured in real-world agricultural 

settings to account for variations in lighting fixtures, history, 

and plant boom tiers. Collaborations: Partnerships with 

agricultural re- seek establishments and specialists might be 

established to access specialized datasets and understanding. 

The dataset will consist of pictures of various crop species 

(e.g., rice, maize, wheat) and a number of common diseases 

affecting that vegetation (e.g., leaf spot, blight, rust). photos 

will be captured by the usage of digital cameras or phone 

cameras to reflect real-world utilization situations. 

1.2 Image Preprocessing: 

Preprocessing steps are essential to put together the im- a 

long time for CNN version schooling and enhance version 

performance. picture resizing: snap shots might be resized 

to a constant size to ensure uniformity and reduce 

computational complexity. picture normalization: Pixel 

values might be normalized to a specific variety (e.g., 0 to 

one) to standardize the information and enhance version 

convergence. Noise discount: Techniques along with 

filtering can be carried out to reduce noise and artifacts in the 

photos. 

1.3 records Augmentation: 

records augmentation strategies can be employed to boom 

the range and length of the schooling dataset, which 

assist to save you overfitting and enhance the version’s 

generalization abilities. photo rotation: photographs could be 

turned around by diverse angles. image flipping: pix might 

be flipped horizontally and vertically. photograph zooming: 

snap shots may be zoomed inside and outside. color jittering: 

versions in brightness, contrast, and sat- uration may be 

brought. photograph cropping: Random quantities of the 

photos will be cropped. 

1.4 Dataset Partitioning: 

The prepared dataset will be divided into 3 subsets: 

schooling set: Used to educate the CNN model. Validation 

set: Used to display version performance in the course of 

training and music hyperparameters. take a look at set: Used 

to assess the final overall performance of the skilled model. 

appropriate partitioning strategies, which include ran- dom 

sampling or stratified sampling, might be used to ensure that 

every subset is representative of the overall dataset. 

2. CNN version structure design 

2.1 Base architecture choice: 

An appropriate CNN structure will be decided on as the 

base version. established architectures like VGG16, 

ResNet50, or EfficientNet may be taken into consideration, 

based on their performance in image classification 

responsibilities. the choice of the bottom architecture might 

be guided by way of factors which includes model 

complexity, computational efficiency, and overall 

performance benchmarks. 

2.2 Architecture Customization: 

the base architecture can be custom-designed to optimize it 

for the unique assignment of crop pathogen detection. 

modifications may also include Adjusting the range of 

convolutional layers or filters. enhancing the pooling layers 

or fully linked layers. including or casting off layers to 

improve performance or efficiency. 

2.3 Transfer learning: 

transfer getting to know can be employed to leverage pre-

skilled fashions and enhance schooling efficiency, especially 

if the dataset is confined. fashions pre-educated on big 

datasets like ImageNet may be fine-tuned for the crop 

pathogen detection assignment. The effectiveness of switch 

learning could be evaluated via comparing fashions trained 

from scratch with satisfactory-tuned pre- trained fashions. 

3. version training and Validation 

3.1 Education environment: 

The CNN model could be implemented the usage of a deep 

gaining knowledge of framework such as TensorFlow or 

PyTorch. schooling can be performed on a computing device 

prepared with GPUs to accelerate the education seasoned- 

cess. 

3.2 Education Parameters: 

appropriate training parameters can be se- lected: 

Optimization set of rules: Stochastic Gradient Descent 

(SGD), Adam, or other suitable optimizers. 

http://www.ijsrem.com/
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Fig. 2. System Architechture 

 

 

mastering charge: preliminary learning price and getting to 

know charge time table. Batch length: variety of photos 

processed in every new release. wide variety of epochs: 

range of instances the complete training dataset is passed 

through the model. 

Hyperparameter tuning strategies, which includes grid seek 

or random seek, may be used to optimize those parameters. 

3.3 Model Validation: 

The validation set may be used to monitor version in line 

with- formance at some stage in training. Metrics which 

includes accuracy, precision, consider, and F1-score might 

be tracked at the validation set to detect overfitting and 

decide the most suitable education parameters. Early 

preventing techniques can be used to prevent overfitting by 

halting schooling when the validation overall performance 

plateaus or starts to decline. 

 4. Performance Evaluation 

4.1 evaluation Metrics: The overall performance of the 

educated CNN model may be evaluated at the test set the use 

of suitable metrics: 

Accuracy: overall correctness of the version’s pre- dic- tions. 

Precision: ability of the version to correctly perceive 

fantastic cases. keep in mind: capability of the version to 

perceive all high-quality instances. F1-rating: Harmonic 

mean of precision and keep in mind, presenting a bal- anced 

degree of overall performance. Confusion matrix: 

Visualization of the model’s category overall performance, 

showing true positives, actual negatives, false positives, and 

fake negatives. 

4.2 Comparative analysis: 

The performance of the proposed CNN version will be 

compared with other existing methods or alternative ar- 

chitectures for crop pathogen detection. This comparative 

evaluation will spotlight the strengths and weaknesses of the 

proposed technique. 

 4.3 Statistical analysis: Statistical exams can be used 

to evaluate the significance of the effects and determine if 

the found performance differences are statistically great. 

V. RESULTS AND DISCUSSION 

The proposed CNN-based crop pathogen detection ma- chine 

proven promising results in our experimental evalua- tion. 

The model done high accuracy in figuring out various 

crop sicknesses across specific plant species. Quantitative 

metrics, including precision, bear in mind, and F1-rating, 

confirmed the model’s effectiveness in efficaciously classi- 

fying healthful and diseased plant samples. 

in particular, the CNN model exhibited advanced overall 

performance as compared to standard image classification 

techniques. the automatic characteristic extraction abilities of 

CNNs allowed the device to research complicated styles and 

diffused visual cues indicative of plant diseases, leading to 

advanced diagnostic accuracy. The system’s capability to 

process pics unexpectedly additionally highlights its ability 

for actual-time packages in agricultural settings. 

but the effects also revealed sure barriers. The version’s 

performance became influenced by the exceptional and 

diversity of the training records. In a few instances, the 

device struggled to as it should be classifying illnesses 

with relatively similar visual signs or while supplied with 

pictures captured underneath difficult conditions (e.g., var- 

ious lights, occlusions). This underscores the importance of 

complete and representative datasets for education sturdy 

CNN fashions. 

moreover, the computational demands of deep getting to 

know models remain a consideration for deployment in 

resource- confined environments. while GPUs accelerated 

the teaching manner, optimizing the model structure for 

efficient inference on aspect gadgets is an essential region 

for destiny studies. 

notwithstanding these boundaries, the results verify the 

ability of CNNs for computerized crop pathogen detec- tion. 

The system gives a valuable tool for early disease 

identification, allowing timely interventions and helping 

sustainable agricultural practices. similarly, studies ought to 

recognition on addressing the identified boundaries to 

decorate the device’s robustness, generalization, and 

practicality for actual-world applications. 

 

 

VI. CONCLUSION 

 

This paper explored the software of Convolutional Neural 

Networks for the automated detection of crop pathogens, a 

essential issue in modern agriculture. The developed CNN 

version showcases the efficacy of deep mastering in studying 

crop photographs and as it should be figuring out sicknesses, 

presenting a significant step closer to overcoming the 

constraints of traditional inspection techniques. The 

machine’s automatic nature and excessive accuracy have the 

ability to lessen subjectivity, improve consistency, and 

permit fast prognosis. The outcomes confirm that CNN-

based totally processes can play a essential role in enhancing 

agricultural productiveness, minimizing sickness spread, and 

promoting sustainable practices through improved plant 

health control. future research will purpose to in addition 

optimize the gadget’s performance and expand its 

applicability. 

http://www.ijsrem.com/


           
             International Journal of Scientific Research in Engineering and Management (IJSREM) 

                 Volume: 09 Issue: 05 | May - 2025                              SJIF Rating: 8.586                                          ISSN: 2582-3930                                                                                                             

 

© 2025, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM48251                                             |        Page 7 
 

VIII.REFERENCES 

[1] ”Detecting Crop Pathogens with Convolutional 

Neural Networks”  

[2] Pradeepa Bandara, Thilini Weerasooriya , Ruchi- 

rawya T.H. , “Crop Recommendation System”] 

[3] A. Esteva et al., “Dermatologist-level classification 

of skin cancer with deep neural networks,” Nature, vol. 542, 

no. 7639, pp. 115–118, Feb. 2017.] 

[4] H. A. Khan, M. Sharif, M. Raza, T. Akram, 

and 

Y. D. Zhang, “Skin lesion recognition and classification 

using hybrid deep features and selection strategy,” Comput. 

Methods Programs Biomed., vol. 194, p. 105473, Sep. 2020. 

[A. Esteva et al., “Mobile phone–based evaluation of skin 

lesions using deep neural networks,” JAMA Dermatol., vol. 

153, no. 3, pp. 254–259, Mar. 2017S. Thrun, J. Y. Liu, D. L. 

Brodie, and M. J. Rubin, “Stanford at ISIC 2017: Deep 

learning for skin disease classification,” in Proc. IEEE Int. 

Symp. Biomed. Imaging, Apr. 2017, pp. 153–156. A. 

Dosovitskiy et al., “An image is worth 16x16 words: 

Transformers for image recognition at scale,” in Proc. 

Int. Conf. Learn. Represent., 2021. M. Narwaria, W. Lin, and 

A. E. Cetin, “Scalable image quality assessment with 2D 

mel-cepstrum and machine learning approach,” Pattern 

Recognit., vol. 45, no. 1, 

pp. 299–313, Jan. 2012.  

[5] A. N. Hirani and T. Totsuka, “Combining 

frequency and spatial domain information for fast interactive 

image noise removal,” in Proc. 23rd Annu. Conf. Comput. 

Graph. Interact. Techn., Aug. 1996, pp. 269–276 

[6] G. Fabbrocini, “Automatic diagnosis of 

melanoma based on the 7-point checklist,” in Computer 

Vision Techniques for the Diagnosis of Skin Cancer, 2014, 

pp. 71–107. 

[7] S. Chaudhary, S. Taran, V. Bajaj, and A. Sengur, 

“Convolutional neural network-based approach towards 

motor imagery tasks EEG signals classification,” IEEE 

Sensors J., vol. 19, no. 12, pp. 4494–4500, Jun. 2019. 

[8] M. Heenaye-Mamode Khan et al., “Multi-class 

skin problem classification using deep generative adversarial 

network (DGAN),” Comput. Intell. Neurosci., vol. 2022, pp. 

1–13, Mar. 2022.  

[9] J. S. Marques, “Two systems for the detection of 

melanomas in dermoscopy images using texture and color 

features,” IEEE Syst. J. 

http://www.ijsrem.com/

