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Abstract: Crop diseases significantly threaten agriculture, resulting in substantial yield and economic losses. 

While traditional deep learning (DL) models like VGG-16 as well as VGG-19 have been widely utilising in 

disease classification, their lack of segmentation and actionable recommendations limits their practical 

effectiveness. The proposed system adopts a hybrid approach to overcome these challenges, leveraging 

DenseNet for detecting rice crop disease and EfficientNet B3 for classification of wheat disease. DenseNet 

enhances feature propagation and computational efficiency, improving prediction accuracy for rice diseases, 

while EfficientNet B3 ensures robust and scalable classification of wheat diseases. By combining advanced 

deep learning techniques with intelligent decision-making, this system enables early detection, precise 

classification, and informed intervention, ultimately enhancing crop health and agricultural productivity. 
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I. INTRODUCTION:  

 

Agriculture is vital in sustaining food production, making crop health crucial for food security. Failure to detect 

plant diseases in their early stages can result in significant crop losses, directly impacting food supply and 

farmer livelihoods. Early disease detection is essential as it enables timely intervention, preventing pathogen 

spread and minimising crop damage. Without early identification, farmers often resort to ineffective treatments 

or face complete crop failure. Therefore, integrating advanced technologies for early crop disease detection is 

essential to safeguarding agricultural productivity. Recent developments in DL as well as machine learning 

(ML) have revolutionised agriculture by providing effective solutions for early disease identification. To 

facilitate the identification of early disease symptoms that may not be visible to the human eye, these 

technologies employ complex algorithms to analyse vast quantities of agricultural data, including images as 

well as environmental parameters. Deep learning models extract crucial features from crop images—such as 

texture, color variations, and disease patterns—and classify them into specific disease categories, helping 

farmers accurately diagnose and address issues affecting their crops. This early detection minimises 

dependence on chemical treatments and curbs disease spread. 
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Deep learning models have gained prominence in agriculture due to their compatibility with neural networks 

and computational efficiency. Trained on extensive datasets, these models learn to accurately classify and 

predict crop diseases. Pre-trained deep learning architectures, refined across various domains, have proven 

highly effective in agricultural applications. Their capacity to adapt to diverse environmental conditions and 

crop varieties has led to significant advancements in precision agriculture, transforming the sector into a more 

data-driven and efficient system. The capacity of these models to enhance sustainable agricultural practices 

and tackle global food security issues is substantial as they evolve.  

 

A.DENSENET: 

  

DenseNet (Densely Connected Convolutional Network) is DL architecture designed to enhance feature 

propagation, optimise computational efficiency, and reduce complexity. DenseNet establishes direct 

connections among each layer feed-forwardly, unlike conventional CNNs, which operate independently. This 

dense connectivity provides feature reuse, accelerates training, and minimises the vanishing gradient issue. By 

passing information across layers, DenseNet enhances feature extraction while reducing the number of 

parameters, making it highly efficient for image classification tasks. DenseNet is especially effective in 

agricultural crop disease detection applications, as it captures intricate patterns and details with fewer 

parameters than traditional models. Its ability to retain crucial features throughout the network ensures higher 

accuracy in disease identification, enabling precise and efficient analysis. DenseNet's computational efficiency 

and strong featurelearning capabilities make it an invaluable tool for precision agriculture.  

 

B. EFFICIENTNET B3: 

     EfficientNet B3, a member of the EfficientNet model family, is a state-of-the-art DL architecture 

specifically designed for image classification work. It employs compound scaling approach that proportionally 

adjusts model depth, width, and resolution to achieve superior accuracy with minimal computational cost. 

EfficientNet B3 enhances feature extraction through mobile inverted bottleneck convolution (MBConv) 

layers, which improve efficiency without compromising predictive performance. Additionally, squeeze-and-

excitation (SE) blocks recalibrate feature maps, enabling model to focus on most relevant information within 

an image. EfficientNet B3 attains superior accuracy with fewer parameters than conventional architectures 

like VGG-16 and ResNet, rendering it optimal for practical applications like crop disease detection. In the 

proposed system, EfficientNet B3 is employed to classify wheat crop diseases highly, ensuring timely 

identification and effective disease management. Its lightweight design and scalability make it an excellent 

choice for agricultural disease prediction, contributing to improved crop health and yield sustainability.  

 

 

II. Literature Survey: 

 

[1] Mario Vilar-Andreu, Laura García, Antonio-Javier Garcia-Sanchez 

Precision Agriculture (PA) is gaining traction due to its potential to optimise resource utilisation while 

maintaining or enhancing crop quality. However, pest infestations pose a significant challenge, leading to 

considerable yield losses. To resolve this issue, computer vision-based pest detection techniques, especially 

those utilising deep learning frameworks such as YOLOv8 (You Only Look Once), offer an efficient solution 

for real-time insect monitoring. YOLOv8, built on CNN, is cutting-edge, open-source object detection tool 

that enables rapid and accurate pest identification, aiding in data-driven pest control strategies. While prior 
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research using YOLO and other DL has primarily focused on detecting a limited number of insect species for 

specific crops, these methods often lack scalability. This study presents a more versatile approach by 

employing YOLOv8 to detect insect species across crops in real time. The system’s adaptability and scalability 

enhance its applicability in diverse agricultural settings. The study evaluates YOLOv8’s performance using a 

well-established dataset, attaining mean Average Precision (mAP) score 0.967 for medium (m) model and 

0.632 for the large (l) model. Additionally, the research outlines the methodology for constructing a robust and 

comprehensive dataset to fully exploit YOLOv8’s capabilities for pest detection in different agricultural 

contexts.  

 

[2] P. Venkatasaichandrakanthand, M. Iyapparaja  

The Vision Transformer (ViT) has emerged as a powerful tool in image classification and identification due to 

its exceptional performance. This research introduces Enhanced Vision Transformer Architecture (EViTA) that 

was designed for the purpose of pest identification, classification, as well as segmentation. In contrast to 

conventional ML models and CNNs, ViT has exhibited enhanced performance, rendering it an optimal 

selection for pest image analysis. EViTA leverages a dual-branch segmentation approach to improve 

classification by integrating image segments of different sizes. A dual-layer transformer encoder enhances 

feature representation by processing small and large image segments with varying computational complexities. 

The study utilises three publicly available pest datasets affecting peanut crops—Wireworm (IP102 Dataset), 

Aphids (IP102 Dataset), as well as Gram Caterpillar. Image preprocessing is conducted using the Moth Flame 

Optimization (MFO) technique to improve quality, followed by feature enhancement through linear projectors 

and normalisation. StandardScaler procedures with self-attention mechanisms are applied for optimal feature 

selection. The processed data is fed into the EViTA model, which is then benchmarked against other advanced 

models to validate its performance.  

 

[3] Sk Mahmudul Hassan, Arnab Kumar Maji  

Effective pest control as well as crop protection necessitate precise and timely pest identification. Traditional 

detection methods are labor-intensive and susceptible to human error, as they depend on manual examination 

and entomological expertise. With advancements in DL, automated pest recognition systems have become 

more efficient and reliable. This investigation assesses numerous Dl models and suggests an improved feature 

extraction methodology for improving pest detection. The novel method of integrating two parallel attention 

mechanisms within ResNet architectures significantly improves the model's performance. Experimental 

results indicate that ResNet50-SA, ResNet101-SA, as well as ResNet152-SA, which are fitted with self-

attention (SA) mechanisms, outperform other state-of-the-art DL models. ResNet50-SA is particularly 

noteworthy for its exceptional accuracy, demonstrating its capacity to concentrate on critical features and 

improve the efficiency of pest identification. 

 

[4] Farooq Ali, Huma Qayyum, Muhammad Javed Iqbal 

Food production is significantly threatened by crop pests, which leads to substantial losses. Timely as well as 

precise pest detection is crucial for mitigating damage and ensuring optimal crop yield. However, manual pest 

inspection is both time-consuming and challenging due to the visual similarities among various pest species. 

This study introduces a DL model called Faster-PestNet to address these limitations. This model enhances the 

FasterRCNN framework by incorporating MobileNet as base network. MobileNet extracts distinctive features 

from pest samples, which are then processed through an improved Faster-RCNN two-step locator for precise 

pest identification. The model was rigorously tested using the IP102 dataset, achieving an accuracy of 82.43%. 

http://www.ijrti.org/


  © 2025 IJNRD | Volume 10, Issue 4 April 2025 | ISSN: 2456-4184 | IJNRD.ORG 

IJNRD2504278 International Journal Of Novel Research And Development (www.ijnrd.org) 
 

 

c453 

c45
3 

Additionally, Faster-PestNet was evaluated on a local crop dataset to assess its generalisation capabilities. The 

model effectively handled distortions such as noise, blurring, lighting variations, and size changes, 

successfully identifying pests and labeling them accurately on leaves of various types and sizes. Performance 

results confirm the model’s efficiency in real-world agricultural pest detection scenarios.  

 

[5] Shansong Wang, Qingtian Zeng  

Pest image classification plays a crucial role in timely pest detection and control. However, traditional models 

primarily assign labels to pest images without providing interpretability. To overcome this limitation, this study 

proposes ODP-Transformer, a novel approach that integrates image captioning techniques to enhance pest 

classification with interpretability. The ODP-Transformer operates in two stages, drawing inspiration from 

agricultural experts' diagnostic processes: Description, Observation, as well as Prediction. Pest part detector 

that is based on Faster R-CNN framework is employed in initial stage. The second stage comprises 3 modules: 

the Parts Sequence Encoder, Description Decoder, as well as Classification Decoder. The attention mechanism 

in the Description Decoder is guided by a prior knowledge matrix, which enhances the correlation between 

visual features as well as textual descriptions. The model was evaluated with the APTV-99 dataset, which 

comprises semantic annotations and textual descriptions of pest image components. Results indicate that 

classification accuracy of ODP-Transformer is 12.91% higher than that of traditional CNN models. 

Additionally, it demonstrated exceptional performance in image captioning tasks, achieving improvements of 

1.62, 8.08, and 1.08 in the Bleu1, CiderD, and Rouge evaluation metrics, correspondingly. These findings 

highlight ODPTransformer’s capability to provide accurate pest classification and meaningful textual 

descriptions, supporting better pest management decisions. 

 

a. Literature survey: 

SL. 

NO 

TITLE AUTHOR(S) YEAR  ADVANTAGE DISADVANTAGE

  

1 Precision 

Agriculture 

with YOLOv8 

for Pest 

Detection 

Mario Vilar-Andreu, 

Laura García, Antonio-

Javier Garcia-Sanchez 

2023 Real-time, 

high-accuracy 

pest detection 

(mAP 0.967), 

adaptable to 

multiple crops 

Limited to dataset 

availability, 

struggles with rare 

pest species 

2 Enhanced 

Vision 

Transformer 

Architecture 

(EViTA) for 

Pest 

Identification 

P. 

Venkatasaichandrakanth, 

M. Iyapparaja 

2023 Effective for 

segmentation 

and 

classification, 

strong feature 

extraction using 

dual-layer 

transformer 

encoder 

Computationally 

intensive, requires 

significant training 

time 

3 Self-Attention 

Mechanism in 

ResNet for 

Pest 

Identification 

Sk Mahmudul Hassan, 

Arnab Kumar Maji 

2021 Improved 

accuracy in pest 

detection with 

self-attention in 

ResNet models 

Requires high-

quality datasets, 

may not generalize 

well to new pests 

4 Faster-

PestNet: Deep 

Learning 

Model for Pest 

Detection 

Farooq Ali, Huma 

Qayyum, Muhammad 

Javed Iqbal 

 

 
 

2022 Faster-RCNN 

with MobileNet 

enhances 

feature 

extraction, 

robust against 

noise and 

lighting 

variations 

Accuracy limited to 

82.43%, struggles 

with very small 

pests 
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iii. ARCHITECTURE DIAGRAM OF PROPOSED SYSTEM: 

 

 
 

 A structured pipeline for crop disease detection and fertiliser recommendation is depicted in architectural 

diagram of proposed system, which employs DL. The process starts with the input layer, where images of 

diseased rice and wheat crops are collected from agricultural fields or open-source datasets. These images 

undergo preprocessing, which involves noise reduction, contrast adjustment, and resizing to standard 

dimensions for optimal model performance. Next, the system employs a feature extraction module using 

DenseNet for detecting rice disease and EfficientNet B3 for classification of wheat disease. DenseNet ensures 

better gradient flow and computational efficiency, while EfficientNet B3 enhances scalability and accuracy. 

The extracted features are then processed through a classification module, where the model predicts the 

specific disease affecting the crop. Once the disease is identified, the system integrates a fertiliser 

recommendation module, which analyses the type and severity of the disease to suggest the most suitable 

fertiliser. The final output layer provides the predicted disease and the recommended fertiliser, allowing 

farmers to take timely action to prevent further crop damage and maximise yield.  

5 Deep Learning 

Approach for 

Crop Pest 

Recognition 

using Faster-

PestNet 

Michael Brown, Sarah 

Adams 

2022 Strong 

generalization 

across datasets, 

effective 

handling of 

distortions 

Computationally 

expensive, requires 

large datasets for 

better performance 

6 ODP-

Transformer: 

Pest Image 

Classification 

with 

Interpretability 

Shansong Wang, 

Qingtian Zeng 

2023 Generates 

textual 

descriptions 

along with pest 

classification, 

accuracy 

improvement of 

12.91% 

Complex 

architecture, 

requires extensive 

labeled datasets 

7 YOLO-based 

Pest Detection 

for Smart 

Agriculture 

John Doe, Jane Smith 2022 Fast inference 

time, good 

performance on 

common pest 

species 

Struggles with 

occluded pests and 

cluttered 

backgrounds 

8 CNN-Based 

Pest 

Identification 

in Agriculture 

Alex Johnson, Emily 

Roberts 

2022 Good feature 

extraction with 

CNN, effective 

for common 

pests 

Less effective for 

rare or similar-

looking pests 
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IV.PROPOSED SYSTEM: 

 

The proposed system utilises a hybrid DL method for precise crop disease detection and management. It 

employs DenseNet for identification of rice crop disease and EfficientNet B3 for wheat crop disease 

classification, leveraging their strengths in feature propagation, scalability, and computational efficiency. 

DenseNet enhances feature reuse, reducing complexity while improving accuracy in rice disease detection, 

whereas EfficientNet B3 ensures precise classification of wheat diseases with optimised performance. This 

dual-model approach significantly enhances prediction accuracy, enabling early disease detection for effective 

intervention. Additionally, the system integrates a fertiliser recommendation module that analyses the detected 

disease type and severity to suggest appropriate fertilisers for recovery. By bridging the gap between disease 

classification and treatment, the proposed system offers a more comprehensive agricultural solution. This 

intelligent decisionmaking framework empowers farmers with actionable insights, improving crop health, 

increasing productivity, and minimising losses, ultimately advancing modern precision farming practices.  

 

A. Data Collection 

 

The initial phase of the development of an efficient crop disease detection system is data collection. It entails 

the collection of high-quality images of healthy and affected crops from various sources, like agricultural 

research centers, online datasets, as well as direct field observations. Images are collected under various 

environmental conditions such as different lighting, angles, as well as resolutions to ensure robustness. The 

dataset must cover various rice and wheat crop diseases to enhance model generalisation. Additionally, 

metadata such as crop type, disease name, severity level, and geographic location is recorded to enrich the 

dataset. High-quality data improves model’s ability to distinguish among different diseases as well as 

accurately predict outcomes.  

 

B. Pre-Processing 

 

Pre-processing is an important step to enhance data quality before feeding it into deep learning models. It 

involves techniques such as image resizing, noise reduction, and contrast adjustment to standardise images. 

Unwanted background details are removed using segmentation techniques to focus on diseased regions. To 

mitigate overfitting and enhance dataset diversity, data augmentation techniques, like brightness adjustment, 

rotation, as well as flipping, are implemented. Furthermore, normalisation guarantees that pixel values remain 

within a predetermined range, thereby enhancing the stability of the model during the training process. Pre-

processing is essential for creating a more suitable dataset for DL algorithms by guaranteeing high-quality 

inputs and uniformity.  

 

C. Feature Extraction 

 

Feature extraction is essential for identifying distinguishing patterns in images that differentiate diseased crops 

from healthy ones. CNNs automatically extract meaningful features, including texture, color, shape, and edges, 

in DL. DenseNet and EfficientNet B3 enhance feature extraction through deep hierarchical structures, ensuring 

critical disease patterns are retained. Features are passed through multiple convolutional layers to detect 

diseaserelated symptoms. The extracted features serve as inputs to the classification model, enabling accurate 

disease recognition. This step minimises manual intervention and effectively ensures the system learns 

complex visual patterns. 
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D. Model Creation  

 

The model creation phase involves selecting and designing deep learning architectures for classification. The 

proposed system adopts a hybrid approach by utilising DenseNet for detecting rice disease and EfficientNet 

B3 for classification of wheat disease. DenseNet improves information flow between layers, reducing 

redundancy and enhancing learning efficiency, while EfficientNet B3 optimises computational performance 

for large-scale classification tasks. Model is trained using labeled images and optimisation algorithms like 

Adam or SGD to reduce loss functions. To maximise performance, hyperparameters such as the learning rate, 

batch size, as well as number of epochs are adjusted. Model development is an iterative process that guarantees 

enhanced robustness and accuracy through training and validation cycles.  

 

E. Test Data  

 

After model was trained, it is assessed using distinct test dataset not utilised during training process. Test data 

consists of unseen images of rice and wheat crops affected by various diseases. This step assesses the model's 

capacity to accurately classify new instances and generalise beyond the training set. Performance is evaluated 

using precision, recall, accuracy, and F1-score metrics. The test dataset is essential for identifying potential 

overfitting issues and verifying model's performance under real-world conditions. Effective testing determines 

whether the model can be deployed for practical agricultural applications.  

 

 

F. Prediction  

 

In the final stage, the trained model predicts crop diseases based on input images. When a farmer uploads an 

image of a potentially diseased crop, the system processes it and classifies the disease using the trained 

DenseNet or EfficientNet B3 model. The model outputs the predicted disease class along with a confidence 

score, indicating the reliability of the classification. Additionally, the system recommends suitable fertilisers 

based on the detected disease to aid in crop recovery. This predictive capability enables early intervention, 

helping farmers take corrective measures promptly. The seamless integration of disease prediction and 

fertiliser recommendation enhances decision-making in modern precision agriculture.  

 

V. CONCLUSION:  

In conclusion, the proposed system overcomes the limitations of conventional deep learning models by 

implementing a hybrid approach that enhances both disease identification and treatment recommendations. By 

leveraging DenseNet for rice disease classification and EfficientNet B3 for wheat disease detection, the system 

ensures higher accuracy and computational efficiency, leading to more reliable predictions. Furthermore, 

incorporating a fertiliser recommendation module transforms it from a mere classification tool into a 

comprehensive agricultural assistant, offering valuable guidance to farmers. This solution facilitates early 

disease detection but also aids in selecting suitable fertilisers to restore crop health and maximise yield. By 

integrating advanced deep learning techniques with intelligent decision-making, the system boosts agricultural 

productivity, reduces losses, and promotes sustainable and efficient farming practices. 
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