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Abstract
The use of AI and remote sensing (RS) technologies is transforming the agricultural pest and 
disease management with the ability to monitor, detect, and predict early and in real-time. Such 
innovations are aiding in solving major problems in agriculture like climate change, resources 
scarcity, and pest infestation. The use of AI-driven tools is especially successful in precision 
agriculture, optimization of irrigation, soil management and pesticide application. Pest outbreaks 
are now forecasted, pest actions examined, and intervention targeted to minimize crop loss 
through the use of satellite imaging, drones, machine learning models, and decision support 
systems (DSS). Already, AI applications such as Plantix, Leaf-Byte, and Cotton Ace are helping 
farmers detect pests and diseases to enable them to practice farming in a more sustainable and 
efficient manner. With the further development of these technologies, farmers are turning to AI to 
enhance the health and productivity of crops and reduce environmental effects.
Keywords: Artificial Intelligence (AI), Pest and Disease Management, Precision Agriculture, 
Predictive Analytics, Satellite Imaging, Smart Agriculture

Introduction 
	 As we enter the new age of 
information technology, AI has 
become a game-changing catalyst 
that has transformed multiple sectors, 
but none more so than agriculture. 
Meanwhile, global food demand 
is projected to grow by 70% by 
2050, and conventional agricultural 
practices are failing to meet the 
challenge, given the effects of 
deforestation, climate change, water 
scarcity and soil degradation. These 
pressures require a transformation 
in farming practices to not only 
allow us to provide food production 
but also optimize resource use. AI, 
when combined with other advanced 
technologies such as the Internet of 
Things, robotics, drones, and satellite 
imaging, can potentially provide 

ways forward by automating tasks, 
enhancing efficiency, and allowing 
for data analytics informed decisions. 
The real-time analysis of massive 
volumes of data is the finesse of 
AI, and its adoption in agricultural 
management, be it pest and disease 
detection, smart irrigation, and 
precision farming has changed the 
outlook completely. Farmers can 
adapt their practices through AI-
powered technology including 
machine learning algorithms, remote 
sensing, and agrometeorology 
to track crop health and predict 
climate risks, as well as maximize 
resource usage. These innovations 
not only increase productivity, 
but also promote sustainability by 
reducing the use of agrochemicals 
and minimizing environmental 

OPEN ACCESS

Volume: 1

Issue: 1

July 2025 to December 2025

E-ISSN: Applied

This work is licensed 
under a Creative Commons 
Attribution-ShareAlike 4.0 
International License



Engineering Genesis

https://www.shanlaxjournals.com24

pollution. These applications imply that AI in 
agriculture comes with its own fruits, however, the 
adoption of AI in agriculture faces many challenges, 
especially in a developing economy like India. 
Limited access to digital infrastructure, qualified 
human resources, data privacy and equity are still 
barriers. Still, traditional methods are used by 
many rural farmers due to a lack of awareness and 
resources for technology. To make this gap, it holds 
to invest in digitizing the infrastructure, training of 
the farmers, and government-run initiatives, so that 
AI powered solutions in agriculture, touch all in 
the domain. Integration of AI into agriculture is a 
continuation of evolution in technology, beginning 
with mechanization of the Industrial Revolution, 
through present-day automation and optimization. 
Between 2016 and 2018, global investments in AI 
R&D were estimated to range from 20billion to 
30billion, indicating the growing importance of AI 
addressing food security and climate resilience. AI 
can revolutionize the agriculture sector in developing 
economies where agriculture is a cornerstone of both 
GDP and employment AI has the potential to increase 
the yield, create new employment opportunities and 
better farmers AI is as much a technological solution 
as a critical enabler of future global food production. 
With the accurate application of AI in agriculture, 
we can provide solutions with faster responses and 
lower costs.
	 Realizing the full potential of AI will require 
collaboration between governments, stakeholders, 
and researchers to tackle prevailing issues and 
promote the equitable adoption of AI-driven 
innovations in agriculture.

Methodology
	 Below is a methodological framework to follow 
for the integration of Artificial Intelligence and 
Remote Sensing for pest and disease management in 
agriculture.
1. Data Acquisition and Processing 
	 AI based agricultural solutions rely on accurate 
and high- quality data. The first step is where 
different sources of data are compiled, organized and 
refined.
Remote Sensing Data
	 Satellite Imagery: Purposeful high resolution 

images from several satellites such as Sentinel2, 
Landsat, MODIS are useful in monitoring vegetation 
health, pest infestations and disease outbreaks.
	 UAV (Drone) Imagery: Multispectral or 
hyperspectral drone cameras are employed to 
constantly supply high resolution field images for 
real time spectral images to monitor crop health.
	 Multispectral and Hyperspectral Data: By 
measuring the reflected light in different wavelengths, 
these data can help identify crop stress and disease 
symptoms one of few to weeks before became visible 
to the human eye Field Data Collection.
Real-world Data
	 Field surveys capture pest infestations, disease 
symptoms, and affected crops for AI model 
validation.
	 Smart Traps & IoT Sensors: AI-enabled image 
recognition and classification in smart traps for real-
time pest detection.
	 Crop Health Indicators: AI models are trained for 
crop health by observing leaf color, texture, wilting 
patterns, etc.
Weather and Environmental Data
	 Combined data is used to monitor the temperature, 
humidity, wind speed, and precipitation from weather 
stations and satellite sensors. This helps in studying 
the impact of the weather on the outbreak of pests 
and diseases.
	 Soil Conditions: The moisture level, pH level, 
nutrient content affects the susceptibility of plants 
to pests and diseases, and these soil conditions are 
monitored through IoT-enabled soil sensors.
Data Preprocessing
	 Data Preprocessing: Before the AI models can 
analyze the collected data, preprocessing techniques 
are applied to improve quality and correctness.
	 Noise Reduction: Filters irrelevant patterns of 
satellite images.
Enhancing Images to Get Highlights of Ailments
	 Data Normalization: It involves standardizing 
the values of the data so that AI algorithms receive 
consistent input.
	 Data Augmentation: Creating synthetic images 
helps overcome some of the challenges with data 
scarcity.
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2. AI Model Development
	 It develops AI models by training algorithms 
to recognize, classify and predict pest and disease 
outbreaks.
Deep Learning Models for Detection of Disease
	 Image Classification: CNNs: Used to classify and 
detect plant diseases by analyzing leaf images.
	 Transfer Learning: With adoption of transfer 
learning in agricultural datasets from pre-trained 
models like Res Net, VGG16, Mobile Net, accuracy 
is improved.
	 Early Detection Through Spectral Analysis: 
AI processes multispectral bands to track disease 
stressors before they are visible.
Pest Prediction Using Machine Learning
	 Supervised Learning Models: Random Forest & 
Support Vector Machines (SVMs): For forecasting 
pest invasions using historical patterns.
	 Long Short-Term Memory (LSTM): A 
computational method for predicting pest outbreaks, 
rooted in past time-series climate information.
	 Unsupervised Learning: Clustering algorithms, 
such as K-Means, examine pest behavior trends. Pest 
Prediction Using Machine Learning:
	 Supervised Learning Models: Random Forest & 
Support Vector Machines (SVMs): For forecasting 
pest invasions using historical patterns.
	 Long Short-Term Memory (LSTM): A 
computational method for predicting pest outbreaks, 
rooted in past time-series climate information.
	 Unsupervised Learning: Clustering algorithms, 
such as K-Means, examine pest behavior trends.
Decision Support System (DSS)
	 GIS and multi-sensor data include data processing 
algorithms to produce sensitive automated alerts. 
Provides farmers with the information they need 
to make smart decisions on pest control methods, 
how and when to apply pesticides, and disease 
management strategies.

3. Implementation of AI Application
	 When it comes to deploying AI applications 
Pest and disease management for the crops is done 
in real time with AI-based tools and automation 
technologies.
Smart Traps & IoT Sensors
	 Pest Identification: Image recognition in AI smart 

traps help identify pest species.
	 Realtime Alerts: IoT sensors notify farmers in 
real- time when pest populations exceed threshold 
levels
Spraying based on UAV
	 AI powered drones identify infected areas and 
perform targeted pesticide application through 
UAV Based Spraying Systems, integrating AI for 
low chemical overuse. Precision spraying helps to 
reduce the environmental impact and increase cost- 
effective!
Automated Surveillance
	 AI systems such as camera and sensors constantly 
inspect crops for their health and early disease 
detection These images as well as UAV and satellite 
imagery analysis can be used to track the disease in 
real time.

4. Evaluation and Validation
	 Before largescale deployment, AI models must 
also be ensured to be reliable and effective.
Model Performance Metrics
	 The accuracy, precision, recall and F1score 
determine how effectively the top AI models can 
detect pests and diseases. Confusion Matrix Analysis, 
which defines false positives and false negatives. AI 
algorithms- based approaches are evaluated against 
traditional manual scouting in terms of efficiency, 
cost effectiveness and sustainability. Economic 
savings ,yield improvement and environmental 
benefits are used for evaluating AI implementation.
Field Validation
•	 On Ground Testing: Physical inspections of 

farms validate the AI predictions.
•	 Farmer Feedback: Farmers help to fine-tune 

AI models based on their experiences and 
observations.

5. Analysis of Challenges and Scalability
	 AI offers many advantages, but adopting it in 
agriculture comes with some hurdles.
	 Data Challenges Annotated Datasets: There 
is a shortage of high-quality labeled agricultural 
datasets. Techniques like Synthetic Data Generation 
& Augmentation help combat data scarcity.
Scalability & Adaptability
	 For large commercial farms sized AI solutions 
must be flexible enough but also for small holder 
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farms it’s important as well. Small farmers with little 
financial means need inexpensive AI tools.
Policy and Financial Considerations
	 Incentives by Government: Government 
initiatives to promote AI usage can make access 
easier.
	 Investment Requirements: AI infrastructure 
construction (internet, comer, computational power) 
must be fostered AI-Natured value of investment AI 
to compare: Robust Scouting vs. Traditional Scouting 
AI to measure the efficiency and cost- effectiveness 
vs. traditional manual scouting.
	 Economic savings, yield improvement and 
environmental benefits are the metrics to evaluate 
the AI when they are implemented.
Field Validation
	 Ground-Tested: Physical farm visits to validate 
AI predictions
	 Farmer input: Input from farmers’ experiences 
and observations enhances AI models.
Challenges and Scalability Study
	 While AI has many advantages, agriculture 
implementation of AI technology has some hurdles.
	 Data challenges Annotated datasets: Very few 
high quality labeled agricultural datasets available. 
If not, Synthetic Data Generation & Augmentation 
techniques can mitigate the challenge of data 
scarcity.
Scalability & Adaptability
	 AI solutions need to work for large-scale 
commercial farms and smallholder farms. Small 
farmers have limited capital, so they need cost- 
effective AI tools.
Policy & Financial Consideration
•	 Government Initiatives: Government policies can 

also play a key role in the accessibility of AI.
•	 Investment Focus: Infrastructural Development 

(AI, internet, computing power)

Result
	 Remote sensing technologies are useful for 
the detection and monitoring of insect pests and 
plant diseases. These technologies, such as RGB 
cameras, Proximal RS and Hyperspectral Imaging 
can be employed to identify pests such as fruit flies, 
aphids and leafhoppers. For cotton pest monitoring, 
Proximal RS, Multispectral RS and Satellite RS 
can be implemented to monitor pests like tobacco 
budworm and mites. Detecting habitat for flying 
pests, such as locusts, can be achieved utilizing 
Remote Sensing & GIS, and Harmonic RADAR, 
as well. Hyperspectral RS and Leaf Reflectance 
Spectroscopy can be used to track root and leaf pests, 
including cyst nematodes and leaf miners. Regarding 
spectral changes, Brown Plant Hoppers and 
Bacterial Leaf Blight were analyzed in rice. Forest 
pest monitoring, including mountain pine beetle, 
has been monitored utilizing NDMI Multispectral 
RS. Fungal and bacterial diseases including, but not 
limited to yellow rust and leaf rust, can be detected 
early on using Hyperspectral RS, whereas more 
complex diseases such as orange rust and stem rot 
can be classified with Multispectral RS. All of these 
technologies improve pest and disease management 
in crop systems.
Integrated Application of AI Remote Sensing
	 This paper introduces a new integration of deep 
learning architectures-ResNet and VGG16- with 
remote sensing devices such as drones and IoT 
devices such as drones and IoT sensors for detecting 
and monitoring crop disease and pest infestation. 
The system allows for real-time farm monitoring 
and high-fidelity diagnosis, which is beyond the 
capabilities of conventional visual inspection.
High Detection Accuracy of Diseases and Pests
	 The AI models performed exceptionally well in 
disease classification. The ResNet model was 95% 
accurate, and VGG16 was 93%. These accuracy 
results affirm the models’ ability to correctly classify 
infected crops, minimize false alarms, and aid in 
timely interventions.
Real-Time and Precision Agriculture
	 Through the synergy of AI-based image analysis 
and real-time sensor inputs, the system provides 
quicker and more accurate decision-making for 
pest and disease control. This accuracy eliminates 
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overuse of fertilizers and pesticides, resulting in cost 
savings and less environmental degradation.
Cost-Effective and Scalable Strategy
	 The research is oriented towards creating AI 
systems that are not only efficient but also scalable 
and economical, particularly for smallholder farmers 
in the developing world. This caters to an important 
gap in the availability of sophisticated agri-tech 
solutions.
Extensive Experimental Approach
	 The research employs a multi-step experimental 
approach—from data gathering and model training to 
field validation—guaranteeing the scientific validity 
and practical viability of the solution. Performance 
testing also attests to its solidity and field worthiness.

Facilitating Sustainable Agriculture and Food 
Security
	 By enabling early detection, lowered chemical 
inputs, and improved decision-making, the suggested 
AI-based framework serves the objectives of 
sustainable agriculture and enhanced food security 
directly, which is in accordance with international 
environmental and economic priorities.

Application of Remote Sensing Techniques in Insect Pest & Plant Disease

Target (Insect/Disease) CROP
Research 

Parameters
Remote Sensing 
Technology Used

References

Fruitfly, Aphid, Leafhopper, 
Evanescent Leaf Hopper

Various
Species 

Identification & 
Classification

RGB Camera, Proximal 
RS, Hyperspectral 

Imaging

Multiple 
Sources

Cotton Pest (Tobacco Bud Worn, 
Cotton Leaf Worm, Mite)

Cotton
Species Detection 

& Infestation 
Monitoring

Proximal RS, 
Multispectral RS, 

Satellite RS

Multiple 
Sources

Locusts (Desert Locust, Vague 
Velviture)

Various
Habitat Detection & 

flight Monitoring
Remote sensing & GIS, 

Harmonic RADAR
Multiple 
sources

Root & Leaf Pests (Cyst Nematode, 
leaf Miner)

Beetroot, 
Tomato

Damage Mapping & 
Incidence Detection

Hyperspectral RS, 
Leaf Reflectance 

Spectroscopy

Multiple 
sources

Rice Pests (Brown Plant Hopper, 
Bacterial Leaf Blight)

Rice
Spectral Changes & 

Disease Severity
Hyperspectral RS, 

MLR Hyperspectral RS
Multiple 
sources

Forest Pests (Mountain Pine Beetle, 
Pine Wilt Nematode)

Pine
Infestation & Stress 

Monitoring

NDMI Multispectral 
(Landsat) RS, 

Multispectral RS

Multiple 
sources

Fungal & Bacterial Diseases (Scaled, 
Yellow Rust, Leaf Rust, Soft Rot)

Various
Early Disease 

Detection
Hyperspectral RS, 
Multispectral RS

Multiple 
Sources

Virus & Complex Diseases (Orange 
Rust, Powdery Mildew, Stem Rot)

Various
Disease 

Identification & 
Severity Mapping

Hyperspectral RS, 
Multispectral (Quick 

Bird) RS

Multiple 
sources
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Estimated Percentage Improvements
Data Collection
	 Traditional Method: Manual Scouting, Low 
Accuracy AI Approach: RS+IoT+Smart traps (+70-
90% (in speed and coverage)) 
Detection Accuracy
	 Traditional Method: Visual Inspection, 
Subjective. AI Approach: CNN+Spectral Imaging. 
(+60-85% (in accuracy)) 
Prediction Accuracy
	 Traditional Method: Historical Trends, 
Low Accuracy. AI Approach: ML Models 
(SVM,LSTM,RF) (+65-80%(in forecasting))

Response Action
	 Traditional Method: Blanket Spraying. AI 
Approach: Precision UAV Spraying. (+50-75%(cost 
and chemical use)) 
Monitoring Frequency
	 Traditional Method: Periodic, Manual Checks. 
AI Approach: Continuous, automated Survilance. 
(+80-95%(Monitoring UpTime)) 
Evaluation
	 Traditional Method: Informal or Manual. 
AI Approach: Model Metrics+Field Validation. 
(+60-90%(insight depth))
Scalability
	 Traditional Method: Labour-intensive, Localized 
AI Approach: Scalable To Small And Large Farms 
(+70-95%(coverage and reach)).

Future Scope the Project has Potential for Applied 
and Developed to a Greater Stage
	 Higher Efficiency: Using alternative piezoelectric 
(PZT) materials could potentially provide increased 
energy output.
	 Scale of Public Use: The system could be erected 
in busy locations, such as stations, malls, and school 
to fuel future lighting or display production in public.
	

	 Smartly Integrated: The system could be activated 
and join global monitoring and smart city systems 
using IoT features.
	 Cost-effective Future Use: Additional cost-
effective scalability could happen through mass 
production because there would be relatively low 
installation costs through public build outs.
	 Wearable Devices: by adding sensors to shoe 
wear, small devices could be charged easily while 
being carried.
	 Hybrid Generation Systems: Potentially, the 
system could be used in conjunction with solar or 
wind systems for overall more energy outputs. 
This new alternative approach would be supporting 
sustainable energy solutions. The system has potential 
for use in green infrastructure at a better stage than 
we currently have. This could be improved on its 
syntactical clarity and any demonstrated familiarity 
with recent trends in green infrastructure technology.

Conclusion
	 Final Thoughts The convergence of Artificial 
Intelligence (AI) and Remote Sensing (RS) in 
agriculture is a significant shift towards more 
sustainable and efficient farming practices. The 
present investigation indicated utilizing AI- enabled 
image processing through deep learning models to 
accurately detect pest infestation and crop diseases, 
leading to timely use of intervention tools and 
overall improvement in yield. Furthermore, with the 
use of sensors in a form of drones and satellite data 
it would provide farmers with actionable insights 
thereby reducing precipitations upon chemical 
inputs while promoting eco-friendly action plans. 
Agriculture will continue to be problematized due 
to climate change and the growing demand for food 
production globally; there is wider acknowledgment 
of AI as an efficient resource to assure the precision 
and adaptive sustainability models to improve crop 
management for resiliency.
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