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Abstract--- Plant leaf diseases pose a major challenge in 

agriculture, reducing crop yield and quality. Early and 

accurate detection of these diseases is essential for 

implementing timely interventions, and this project focuses on 

developing an automated system for identifying and classifying 

plant leaf diseases using deep learning and computer vision 

techniques. The goal is to create an effective, cost-efficient 

solution that relies on high classification accuracy to 

distinguish various diseases from images of infected leaves. The 

system utilizes the VGG16 and LSTM models, both known for 

their strong performance in handling complex datasets. 

VGG16, a convolutional neural network, is well-suited for 

image classification due to its 16-layer architecture, capable of 

capturing intricate features from plant leaf images. Its deep 

layers are particularly effective at recognizing complex 

patterns and unique characteristics of specific plant leaf 

diseases. By leveraging VGG16 as a feature extractor, the 

system can learn to detect subtle variations and details in 

infected leaves, aiding in disease classification with high 

accuracy. LSTM, or Long Short-Term Memory, is a type of 

recurrent neural network designed to handle sequence-based 

data. If the dataset includes images showing disease 

progression stages over time, LSTM can be incorporated to 

analyze these sequences, making it possible to recognize 

patterns that develop across multiple stages of infection. This 

capability can provide insights into how the disease progresses, 

potentially allowing for a more comprehensive assessment of 

disease severity and helping users take preventive action before 

widespread damage occurs. In terms of functionality, the 

system communicates results via an Arduino cable and triggers 

a buzzer to alert users when a defective leaf is detected. This 

hardware integration provides real-time feedback, which is 

crucial for practical use in agricultural settings. By comparing 

the effectiveness of the VGG16 and LSTM approaches, the 

system can determine which model is best suited for plant leaf 

disease detection, taking into account both accuracy and 

computational efficiency. 

Keywords: IoT, Mobile Safety, Ultrasonic Sensor, NodeMCU, 

Obstacle Detection, Vibration Motor, Real-Time Feedback, 

Accident Prevention, Wearable Devices, Mobile App 

Integration. 

 

 

1. INTRODUCTION 

 
In Plant diseases are very common in plant leaves. The diseases in 

the plants cause for dropping the quantity and quality of the 

agriculture production. The plant diseases affect the quality of the 

fruits, stem, leaves, vegetables, and their products. This massively 

impacts on the productivity and thus reflects on the cost. Report of 

Food and Agricultural Organization estimated that the world 

population will reach to 9.1billionby2050,thus requiring 

about70%growth in the food production for as teady supply. The 

key factors that affect the plants and its products are classier into 

two categories they are Diseases, Disorder. The diseases are caused 

by the bacteria, fungi or algae whereas, the disorders are caused by 

the rain fall, temperature, unfavorable water flow nutrient 

deficiency, unfavorable oxygen levels, moisture etc. The 

conventional means of a disease management is implicating to 

plant pathologists and farmers. The diagnosis and use of the 

pesticides are done in the agricultural fields. This process is time 

consuming, and most of the time results in incorrect diagnosis with 

unsuitable exercise of the pesticides. With the resemblance of 

Artificial Intelligence (AI), Deep Learning (DL) technologies, this 

progress have been achieved in developing accurate and timely 

identification and classification of the plant leaves diseases. In the 

last decade, deep learning, Artificial Intelligence and Machine 

Learning technologies have attained an interest with the 

availableness of a number of high-performance computing 

processors and devices. Over the last few years, it has been 

acknowledged that Deep Learning has been mainly used in 

agriculture. This concept is important in making efforts for 

controlling, developing, maintaining, and enhancing agricultural 

production. Smart farming methodology that is known for the 

adaptation of new technologies, devices, and algorithms in the 

agriculture. The collected data provide the information about the 

various environmental factors. Monitoring the environmental 

https://www.irjweb.com/current_issue.php


          International Research Journal of Education and Technology 

Peer Reviewed Journal 
ISSN 2581-7795 

  

588 

@2024, IRJEDT VOLUME - 6 ISSUE - 12 DEC - 2024 

 

factors is not the complete solution to increase the yield of crops. 

There are number of other factors that decrease the productivity to 

a greater extent. Hence automation must be implemented in 

agriculture to overcome these problems. 

 

 

 

2. LITERATURE SURVEY 

 

 
Topic Autho 

r(s) 

Year Proposed 

Methodolo 

gy 

Remarks 

(Disadvantag 

es) 

Crop and 

Weeds 

Classificat 

ion   for 

Precision 

Agricultur 

e  using 

Context- 

Independe 

nt Pixel- 

Wise 

Segmentat 

ion 

Mulh 

amFa 

wakhe 

rji, 

Dome 

nico 

D. 

Bloisi, 

Albert 

o 

Pretto 

2018 Utilized 

smartphone 

cameras 

with 

machine 

learning 

algorithms 

to detect 

obstacles. 

Lacks  spatial 

context, which 

can lead to mis 

classification 

in complex 

field scenario 

and increased 

sensitivity  to 

noise   and 

variations in 

lighting or 

crop density. 

Dense 

Semantic 

Labeling 

of Sub 

decimeter 

Resolutio 

n Images 

with 

Convoluti 

onal 

Neural 

Networks 

Miche 

le 

Volpi, 

and 

Devis 

Tuia 

2016 Utilize 

convolution 

al neural 

networks to 

perform 

pixel-level 

which 

enhances 

spatial 

feature 

extraction 

classificatio 

n. 

Complex 

algorithms 

require  high 

processing 

power, leading 

to slower 

response 

times. 

Convoluti 

onal 

Neural 

Network 

for SAR 

Target 

Recogniti 

on 

Jun 

Ding, 

Bo 

Chen, 

Hong 

wei 

Liu 

2016 Apply data 

augmentatio 

n techniques 

to improve 

Radar target 

recognition 

accuracy 

Increased 

computational 

complexity 

and training 

time. 

Potential risk 

of overfitting 

on augmented 

data 

Identificat 

ion of 

Maize 

Leaf 
Diseases 

Xihai 

Zhang 

,Meng 

,Chen 

gguo 

2017 Utilize 

enhanced 

deep 

convolution 
al neural 

High 

computational 

cost, 

overfitting 
risk, limited 

Using 

Improved 

Deep 

Convoluti 

onal 

Neural 

Networks 

Fan,  networks for 

maize 

disease 

classificatio 

n. 

real-world 

dataset 

diversity. 

Classificat 

ion  and 

Functional 

Analysis 

of Major 

Plant 

Disease 

using 

Various 

Classifiers 

in Leaf 

Images 

Kapil 

yaGan 

gadhar 

an, G. 

Roslin 

eNesa 

Kuma 

ri, D. 

Dhana 

sekara 

n 

2019 Analyze 

plant 

diseases via 

image 

preprocessin 

g, feature 

extraction, 

and 

classificatio 

n  using 

SVM, CNN, 

and RF. 

High 

computational 

cost, 

overfitting 

risks, limited 

generalization 

to unseen data, 

and 

dependence on 

dataset quality. 

The use of 

plant 

models in 

deep 

learning: 

an 

applicatio 

n to leaf 

counting 

in rosette 

plants 

Jordan 

Ubben 

s, 

Mikol 

ajCies 

lak. 

2018 Utilize deep 

learning 

models like 

CNNs for 

automatic 

rosette plant 

leaf 

counting 

through 

image 

analysis. 

Limited 

dataset 

diversity, high 

computational 

requirements, 

and 

susceptibility 

to occlusions 

or poor image 

quality. 

Multi- 

species 

fruit 

flower 

detection 

using a 

reined 

semantic 

segmentat 

ion 

network 

Philip 

pe A. 

Dias, 

and 

Henry 

Medei 

ros 

2018 The study 

employs a 

refined 

semantic 

segmentatio 

n network to 

detect fruit 

flowers 

across 

multiple 

species, 

integrating 

advanced 

feature 

extraction 

and 

contextual 

learning. 

High 

computational 

cost, potential 

overfitting 

with limited 

data, and 

challenges 

with 

occlusions and 

complex 

backgrounds. 

Counting 

Apples 

and 

Oranges 

with Deep 

Learning: 

A Data 

Driven 

Li & 

Wang 

2016 Utilize  a 

deep 

learning 

model (e.g., 

CNN) to 

analyze 

image data 

for counting 

Requires large 

datasets, high 

computational 

power, and 

struggles with 

complex 

occlusions or 
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iterations required to achieve a specific clustering exercise 

corresponds to the required accuracy 

 

 

3.4 COLOR FEATURE EXTRACTION 

 
 

 

 

 

 

 

 

 

 

3. PROPOSED SYSTEM 

 

3.1 PRE-PROCESSING 

 

 

Usually, the images that are obtained during image acquisition may 

not be suitable straight for identification and classification 

purposes because of certain factors, such as noise, lighting 

variations, climatic conditions, poor resolutions of an images, 

unwanted background etc as the images are acquired from the real 

field it may contain dust, spores and water spots as noise. The 

purpose of data preprocessing is to eliminate the noise in the image, 

so as to adjust the pixel values. It enhances the quality of the image. 

 

3.2 SEGMENTATION 

 

We propose an enhanced k-mean clustering algorithm to predict 

the infected area of the leaves. A color-based segmentation model 

is defined to segment the infected region and placing it to its 

relevant classes. Experimental analyses were done on samples 

images in terms of time complexity and the area of infected region. 

Plant diseases can be detected by image processing technique. 

Disease detection involves steps like image acquisition, image pre- 

processing, image segmentation, feature extraction and 

classification. Our project is used to detect the plant diseases and 

provide solutions to recover from the disease. It shows the affected 

part of the leaf in percentage. We planned to design our project 

with voice navigation system, so a person with lesser expertise in 

software should also be able to use it easily. 

 

 

3.3 FCM (fuzzy c mean clustering) 

 

The fuzzy c-means (FCM) algorithm is a clustering algorithm 

developed by Dunn, and later on improved by Bezdek. It is useful 

when the required number of clusters are pre-determined; thus, the 

algorithm tries to put each of the data points to one of the clusters. 

What makes FCM different is that it does not decide the absolute 

membership of a data point to a given cluster; instead, it calculates 

the likelihood (the degree of membership) that a data point will 

belong to that cluster. Hence, depending on the accuracy of the 

clustering that is required in practice, appropriate tolerance 

measurescan be put in place. Since the absolute membership is not 

calculated, FCM can be extremely fast because the number of 

Color space represents the color in the form of intensity value. We 

can specify, visualize and create the color by using color space 

method. There are different color feature extraction methods. Color 

feature extraction methods: a. Histogram Intersection Method: 

Histogram Intersection (HI) considers global color Features. The 

color histograms X and Y with k bins for each, HI is defined as, In 

Histogram Intersection method, the number of bins makes impact 

on performance. The large no of bins represents the image in very 

complex manner it increases the computational complexity. 

 

3.5 CLASSIFICATION USING NEURAL NETWORKS 

Neural Networks (NN) are essential data mining tools used 

extensively for classification and clustering tasks. The concept 

behind NN is to create a model that mimics brain-like activities, 

enabling it to learn from data patterns. By providing a neural 

network with ample examples, it can perform accurate 

classification and even identify new trends within the data. A basic 

NN is typically structured with three layers: the input layer, output 

layer, and hidden layers in between. Each layer comprises nodes, 

and nodes between layers are connected through weighted links 

that represent the importance of the features being processed. 

Recent advances in deep learning have expanded beyond 

traditional artificial neural networks, introducing models like 

VGG16 and Long Short-Term Memory (LSTM) networks, which 

provide alternatives for powerful feature extraction and sequential 

data analysis, respectively. 

 

4. IMPLEMENTATION 

 

 

1. Data Collection and Preprocessing: 

 

The development of the eye disease detection system begins with 

data collection, where a large dataset of labeled retinal images is 

gathered. This dataset contains images with clear annotations of 

various eye diseases, such as diabetic retinopathy, glaucoma, and 

age-related macular degeneration (AMD). Publicly available 

datasets like EyePACS or IDRiD are commonly used, but medical 

institutions may also provide proprietary data. After collecting the 

images, the next step is preprocessing. This includes resizing the 

images to standard dimensions compatible with the deep learning 

model, typically 299x299 for Inception V3. Images are then 

normalized to scale pixel values between 0 and 1 to ensure 

consistent input to the model. Contrast enhancement is applied to 

improve the visibility of key retinal features, such as blood vessels, 

hemorrhages, and microaneurysms. Furthermore, data 

augmentation techniques like rotation, flipping, and zooming are 

employed to artificially increase the variability of the dataset, 

which helps the model generalize better and prevents overfitting. 

 

 

2. Model Development: 

Approach   apples and 

oranges. 

varied lighting. 

A Survey 

Paper on 

Plant 

Disease 

Identificat 

ion Using 

Machine 

Learning 

Approach 

Zhang 

& Li 

2018 The 

proposed 

methodolog 

y involves 

utilizing 

machine 

learning 

algorithms 

for  plant 

disease 

identificatio 

n. 

Challenges 

include data 

scarcity, model 

generalization, 

and 

computational 

cost.. 

 

https://www.irjweb.com/current_issue.php


          International Research Journal of Education and Technology 

Peer Reviewed Journal 
ISSN 2581-7795 

  

590 

@2024, IRJEDT VOLUME - 6 ISSUE - 12 DEC - 2024 

 

The core of the system is the model development, which focuses 

on selecting an appropriate deep learning architecture. The 

Inception V3 model is chosen due to its robust ability to handle 

high-resolution images and extract intricate features at multiple 

scales, which is critical for analyzing retinal images. Rather than 

training the model from scratch, transfer learning is employed to 

leverage the power of a pre-trained Inception V3 model, which has 

been trained on large-scale datasets like ImageNet. By fine-tuning 

this pre-trained model on the retinal image dataset, the system 

adapts the model's knowledge to the specific task of eye disease 

detection. The final layers of the Inception V3 model are replaced 

with a custom classifier that can predict the specific type of eye 

disease present in the image. 

3. Model Evaluation and Optimization: 

Once the model is trained, it is evaluated using the test set, which 

contains unseen images. This allows us to assess how well the 

model performs in a real-world scenario. The model's performance 

is measured using several evaluation metrics, including accuracy, 

precision, recall, and F1 score. Additionally, the confusion matrix 

is examined to identify areas where the model might be confusing 

similar disease categories. If the model’s performance is 

suboptimal, optimization techniques are applied. This could 

involve further hyperparameter tuning, modifying the network 

architecture, or adding more data augmentation strategies. 

Additionally, cross-validation may be employed to validate the 

model’s robustness by training it on multiple data subsets and 

ensuring consistency across different data splits. 

5. RESULTS & DISCUSSION 

 

The application of Convolutional Neural Networks (CNNs) 

combined with attention mechanisms for plant disease detection 

has demonstrated promising results. The hybrid model 

significantly improved detection accuracy compared to traditional 

CNN-based methods, addressing challenges such as varying leaf 

shapes, sizes, and environmental conditions (e.g., lighting, 

background noise). When attention mechanisms were applied, the 

model effectively focused on the critical diseased regions of the 

leaves, enhancing feature extraction and classification accuracy. 

The assessment metrics, including accuracy, precision, recall, and 

F1-score, showed notable improvements, particularly in detecting 

subtle disease symptoms that were harder to identify with standard 

CNNs. The model performed well in various agricultural contexts, 

demonstrating its robustness in real-world scenarios, where factors 

like image noise and leaf damage can complicate detection. 

Overall, the combination of CNNs and attention mechanisms 

provided an accurate and practical solution for plant disease 

detection, offering potential for large-scale implementation in 

agriculture. 

 

 
 

Fig. 8. Final Outcome 

 

FUTURE ENHANCEMENT 

 

Future enhancements to this plant disease detection 

system could focus on expanding its functionality, improving 

detection accuracy, and increasing its usability in diverse 

agricultural settings. Integrating the system with IoT devices and 

deploying it on edge computing platforms would enable real-time, 

low-latency disease detection directly in the field, making it 

accessible in remote areas without the need for high-speed internet. 

An expanded dataset, incorporating a wider variety of crops and 

diseases under different environmental conditions, would increase 

the system’s versatility across global agricultural sectors. Building 

on the LSTM algorithm, the system could also be enhanced to 

monitor and predict disease progression over time. This would 

involve predictive models estimating disease severity and 

recommending timely interventions, allowing for action before 

diseases fully develop. A mobile application with multi-language 

support would improve accessibility for farmers worldwide, 

providing real-time notifications and disease alerts for faster 

response times. The system could also benefit from integrating 

weather, soil, and crop history data, enabling it to predict disease 

risk factors and suggest preventive measures based on 

environmental conditions. Combining the detection system with a 

database of disease management strategies, including treatment 

recommendations like fungicides or organic solutions, would allow 

for tailored advice that reduces chemical use and promotes 

sustainable farming. Advanced image processing techniques such 

as Generative Adversarial Networks (GANs) for data augmentation 

or super-resolution imaging could improve detection by enhancing 

the quality of low-resolution images and simulating diverse visual 

conditions. 

 

6. CONCLUSION 

In conclusion, the proposed system for detecting and classifying 

plant leaf diseases utilizes advanced deep learning techniques, 

specifically the VGG16 and LSTM algorithms, to enhance the 

accuracy and efficiency of disease diagnosis. By leveraging 

VGG16 for robust feature extraction and LSTM for analyzing 

temporal sequences, the system can effectively identify various 

diseases in plant leaves from images captured in real-world 

conditions. The multi-step processing scheme, which includes 
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noise removal, image segmentation, and texture feature extraction, 

ensures that the input data is optimized for classification. The use 

of histogram equalization and standard resizing techniques further 

enhances image quality, leading to improved classification 

outcomes. The incorporation of texture features such as contrast, 

correlation, and homogeneity allows for a comprehensive analysis 

of leaf health.. By enabling farmers and agricultural stakeholders to 

make informed decisions regarding crop management, the 

proposed solution contributes to sustainable agricultural practices 

and enhances overall productivity. Moreover, the system’s ability 

to analyze the progression of diseases over time through LSTM 

integration provides valuable insights into plant health plant 

disease management, combining cutting-edge technology with 

practical applications to safeguard plant health and support 

agricultural sustainability. 
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