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Abstract. The traditional farming sector is undergoing a revolution with the
integration of smart technologies like machine learning and IoT. This research
paper discusses a smart farming model that enables farmers to diagnose crop
health issues by analyzing images of affected crops and relevant soil data, such
as pH and moisture. The system leverages machine learning algorithms to detect
crop diseases and provide actionable recommendations, including the type and
quantity of fertilizers, insecticides, or pesticides needed. This model promises
to enhance agricultural productivity, reduce chemical misuse, and increase
sustainability.
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1. Introduction

Agriculture is one of the world’s oldest and most critical sectors, forming the backbone
of many economies and serving as a primary source of livelihood for a significant portion
of the global population. Despite its importance, agriculture faces numerous challenges
that hinder productivity, sustainability, and profitability. Among the most pressing issues
are crop diseases, pest infestations, and soil nutrient deficiencies, which contribute to
lower yields, increased costs, and economic strain on farmers. These problems are often
compounded by limited access to timely, reliable information and expertise, particularly
in rural and underserved areas where farmers may not have access to expert agronomists
or resources for extensive crop monitoring.

In recent years, the emergence of digital technologies has introduced transformative
solutions to traditional farming practices. Innovations such as machine learning (ML), the
Internet of Things (IoT), and data analytics are reshaping agriculture by enabling more
precise, data-driven approaches to crop management. Collectively, these technologies
have given rise to “smart farming,” an approach that leverages digital tools to optimize
farming activities, minimize resource wastage, and maximize crop yields. By integrating
advanced data analysis, automation, and real-time feedback, smart farming allows
farmers to make informed decisions and respond quickly to environmental changes or
threats, leading to increased efficiency and productivity.

Machine learning, in particular, plays a central role in enhancing smart farming
capabilities. ML algorithms can process large datasets and identify patterns that are
difficult for human observers to detect. In the context of agriculture, image-based ML
models, such as convolutional neural networks (CNNs), are frequently used to analyze
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visual data and diagnose plant diseases. These models can accurately distinguish between
various diseases by examining symptoms like leaf discoloration, texture anomalies, and
other visual cues. This capability enables farmers to detect issues early and implement
preventive measures before diseases spread or become unmanageable.

The Internet of Things plays a key role in the development of smart farming through
the inseparable ability to gather data on environmental and soil change over time. These
parameters give the current boil conditions that influence how healthy the crops will be.
These parameters are also determinants in the use of certain fertilizer and pesticides,
their efficacy with respect to the target crop and its quality being thus affected. By
relating soil readings from the on-ground IoT sensors, a more elaborate perception of
the crops’ resource requirements in efficient manner minimizing waste and promoting
sustainability.

The goal of this study is to create an efficient model of smart agriculture that
integrates machine learning with IoT sensors to facilitate the process of diagnosing the
health of crops as well as managing the soils for farmers. In this system, Farmers will be
able to upload pictures of the infected crops and get an analysis of the possible diseases
or pests that could be attacking the crops. In addition, IoT sensors which will be installed
in the field will help to measure the soil’s pH levels and moisture levels which will help
the system in providing recommendations. The system will also provide information
on the use of various fertilizers, insecticides, and pesticides with the expected amounts
of different nutrients; needed such as nitrogen, phosphorus, and potassium according
to the observed and the ambient conditions. The propose study attempts to ameliorate
the agricultural problems by providing accurate and customized solutions, taking
into account the crops’ health, chemical overuse and sustainable measures to enhance
agricultural output.

The research contains a number of goals like to create machine learning method for
crop disease detection using image processing, to implant [oT based soil sensors to obtain
soil pH and moisture levels in real time, to deliver appropriate fertilizer and pesticide
usage advices depending on the soil state and growing plants conditions. This research
paper outlines the system implementation, its influence on agricultural processes, and
the advantages it brings to farmers, especially the ones with limited resources. Providing
the farmers with this information will transform the agricultural sector into a more
resilient food capturing means, more efficient in terms of food production to the world’s
population and their subsequent needs.

2. Literature Review

Because of the incorporation of digital technologies, such as machine learning (ML) and
the Internet of Things (IoT), in agriculture, smart farming techniques have developed
rapidly over a short period of time. This field of study has been able to demonstrate
the efficacy of these technologies in solving certain issues facing the farmers today,
including: crop diseases, managing soil nutrients and pests. This review focuses on
the already available research on machine learning based crop disease diagnosis, soil
monitoring using the IoT, and an intelligent system that communicates to the farmers



in real time to provide relevant information. In relation to these advancements, this
section seeks to establish the critical aspects that form the basis of the envisaged smart
agriculture system.

2.1 Machine Learning in Agriculture

Machine learning has revolutionized agriculture by providing advanced techniques for
analyzing and interpreting data, resulting in informed conclusions. For instance, ML
has become very popular in detecting and diagnosing crop diseases, as image-based
methods have been remarkably successful. In this regard, Convolutional neural networks
(CNN) who essentially are a class of deep learning models find extensive applications.
These CNNs have the capability of examining images of crops in order to distinguish
healthy crops from diseased ones and correctly diagnose certain ailments based on
visual indicators such as spots or abnormalities in the leaves and texture. For example,
Mohanty et al (2016) showed that CNNs are able to classify images of 26 diseases in
14 crops from a public dataset with accuracy above 99%. In addition, the deep learning
model trained by Fuentes et al. (2017) was able to detect multiple diseases on one plant
at the same time, underlining the model’s capabilities in applied agriculture settings,
which is often very complex.

Within the concept of precision agriculture, one of the greatest advantages of
ML models is their adaptability and scalability. These models can learn and improve
their performance by ingesting additional datasets to fit more diverse climates, crops
or even regional hours of infection of diseases, which is a major advantage. On the
other hand, some other types of ML models like SVMs, random forests and k-NN have
also been researched for disease diagnosis. However, the implementation of CNNs has
been still the most widely adapted technology for medical image analysis, because of
its effect towards image recognition. The earlier agricultural applications of ML were
‘black box’ solutions intended to operate only in laboratory microworlds; however, in
the latest studies, these models have been partially transformed into tools already suited
to facilitate compatible processing in real fields, thus enabling farmers to receive timely
and applicable diagnoses on the course of the disease.

2.2 IoT in Smart Farming

The importance of smart farming lies in its [oT capabilities that facilitates monitoring of
environmental and soil parameters in real time without any inconveniences. [oT sensors
captures soil moisture levels, soil pH, temperature, humidity, among others which are
important since they affect the growth of the plants and their ability to take in nutrients.
For example, plant growth is dependent on the presence of nutrients in the soil. Soil pH
determines how available nutrients are, and problems in this regard may result in nutrients
below the optimum for plant development. Quite the same, soil moisture content is very
important because, if the levels of water in the soil is less than the optimal, the plants
will be weakened and therefore more susceptible to diseases. The means of IoT sensors
is non-stop staying in these parameters and gives data to the farmers for them to know
when to take action so that the growing conditions are not compromised. Such a system
was proposed by Gutiérrez et al. (2014), where they proved that within 30% water used
for irrigation was possible to keep the same level of crops productivity with the help of



the irrigation system based on the IoT technology, which shows again how economically
and ecologically advantageous is the implementation of the IoT technologies in the
agriculture.

The connected network of metrics enabled by Internet of things in Agriculture is
one of its greatest uses, which gives farmers deeper insight into the soil. IoT data can
be merged with weather forecasting systems to further enhance the recommendations
on when to irrigate, apply fertilizer and control pests. Sophisticated IOT technology
could also afford remote access where the farmer is able to get data on the soil and the
surrounding environment through his smartphone or computer, hence making it easier to
work with data without necessarily moving to the farms. Such deep insight is even more
important in small holder farmers where they do not have the capacity to do a lot of field
monitoring. The rise in the number of IoT devices that are effective in the markets has
also influenced this trend where more and more agricultural focused IoT solutions are
being developed.

2.3 Integrated Systems for Crop Health Management

The emergence of machine learning and the internet of things has contributed to the
invention of intelligent farming systems which incorporates all aspects of crop health
management. The systems also support image assisted recognition of diseases and soil
data and provide appropriate doses of fertilizers, pesticides and irrigation. In particular,
Singh et. al. (2019) developed a hybrid model where a CNN for crop disease monitoring
is complemented with sensors for monitoring soil moisture. This model was used on
the tomato plant and was able to distinguish diseases while simultaneously prescribing
nutrients based on the meandering values of soil moisture and pH. The researchers stated
that such systems can increase the yields and decrease the amounts of chemistry used in
agriculture, which can be beneficial for the environment.

Studies proved that incorporating image-based disease diagnosis systems with soil
data increases the accuracy and relevance of the solutions given to farmers. For instance,
with timely closure of diagnosis and provision of current soil pH and moisture levels,
a farmer’s comprehension of the causative agents of crop vegetative stress becomes
broader. Such understanding allows for appropriate adjustments to be done to fill the
gaps including iv) changing fertilizers or water use to solve problems causing damage to
the plants. Integrated systems are ideal in precision farming because these have a small
positive influence on the outcome and efficiency in the use of resources is high.

2.4 Challenges and Future Directions

There exist, however, gaps between the views in the literature on the role of ML and IoT
in modern large-scale agriculture and practical application. For example, one of the most
significant hurdles is the fact that the majority of smart farming system are expected to
operate in rural areas that mostly lack efficient and dependable internet networks. Also,
the fact that different crops, environments, and diseases can limit the application of ML
models is a common problem. In order to move past these limitations, further work
should be done in the direction of creating new models capable of functioning offline or
under low bandwidth conditions and building agricultural datasets with many different
use case scenarios.



Furthermore, there is also increasing focus on making smart farming technologies
available to less skilled farmers. Research findings indicate that in order to encourage
a significant number of smallholder farmers to adopt the technologies, there is need
for simple ways of use and use of local language. Lastly, exploring new horizons in
smart farming systems and addressing these concerns is integrating weather forecasting
and analytics so that farmers can predict and mitigate adverse conditions on their crops
before they occur.

As a final point, the reviews show that agriculture is impacted tremendously by
machine learning and the IoT providing solutions such as disease diagnosis, soil health
monitoring and integrated pest management practices. The smart farming concept
proposed herein, draws from these and adds soil data from the IoT to give the appropriate
management recommendation through ML based disease diagnosis. This system has the
capacity to increase the crop yield, agroecology, and profits for the farmers by providing
solutions in disease identification, nutritional management, and efficient use of resources.

3. Methodology

3.1 System Overview

Farmers are expected to capture a photograph of the diseased crop and upload it to the
proposed system. In addition, loT sensors embedded in the field will assess the levels of
soil pH and moisture content simultaneously and relay these parameters continuously.
The machine learning model utilizes these data to assess the status of the affected crop
and issue recommendations on what actions to take.

3.2 Image Processing for Disease Detection

a.  Collection of Data: The model is trained using a dataset of healthy and diseased
crop images ensuring that images used also cut across different crop varieties
and diseases depicted.

b.  Preprocessing: Images enhancement processes such as scaling, de-noising and
normalizing are applied on the images.

c. Choice of Model: CNN is the key model implemented in this study for the
purpose of classifying the diseases owing to the fact it is capable of working
effectively in image based classification problems. The model in this case is
developed to be able to analyze whether a crop is healthy or infected as well as
detect specific infections where present.

d. Model Training and Testing: Labeled image datasets were used to train and
test the CNN model and accuracy, reliability and efficiency in crop disease
recognition was above average.

3.3 IoT Based Soil Analysis

Soil pH and moisture levels are closely monitored via IoT sensors to provide data that is
needed in real time to come up with the treatment strategies.



a. Soil pH Sensor: The pH sensor is used to ascertain the level of acidity or
alkalinity in soils and its impact on the availability of nutrients.

b.  Soil Moisture Sensor: This sensor is used to evaluate the water needs of the
crops and the same on nutrient each plant can take in.

3.4 Fertilizer and Pesticide Recommendation Model

Based on the diagnosis from the CNN model and soil parameters from loT sensors, the
system recommends specific actions.

a.  Nutrient Needs Calculation: The system calculates the required quantities of
nitrogen (N), phosphorus (P), and potassium (K) based on the crop’s current
condition, growth stage, and soil pH.

b.  Pesticide/Insecticide Recommendation: Using a database of common crop
diseases and pests, the system suggests the optimal pesticide or insecticide,
along with the recommended application method and dosage.

3.5 Data Flow
The workflow involves:
a. Image and soil data collection from the field.
b. Data pre-processing and analysis by the ML model.

c. Generation of actionable insights, including pesticide and fertilizer
recommendations.

4. Proposed System

The proposed system aims to create a comprehensive smart farming model that assists
farmers in diagnosing crop health issues and managing soil nutrients through an
integrated approach combining machine learning and IoT sensors. The model solves
primary issues in agriculture. For instance, farmers are allowed to take photographs
of their crops, and they would then receive diagnostic information about the possible
diseases, pests, or even nutrient Located deficiencies. Furthermore, there are IoT sensors
set up in the field, which generates real-time soil parameters necessary for producing
accurate, location-specific recommendations. This part discusses the architecture,
elements, and operational process of the system being developed and gives an account
of all the elements involved from data collection through to decision-making.

4.1 System Architecture

The proposed system consists of three main components:

4.1.1 Data Collection Module

Crop Image Input: The farmers take pictures of their fields and upload them into the
system focusing on the regions exhibiting signs where the crops could be infected or
attacked by pests like discolorations, spots or lesions.



Soil Sensors: In this strategy, soil moisture and pH levels are monitored in the field
constantly with the help of IoT sensors embedded in the ground. The information from
these sensors is then sent wirelessly to the central database of the system thus enhancing
the image data with current environmental data.

4.1.2 Processing and Analysis Module

Machine Learning Model for Disease Diagnosis: A convolutional neural network
(CNN) model processes the uploaded crop images to detect signs of diseases or pests.
The CNN model has been trained on a large dataset of labeled images, allowing it to
classify images into categories such as healthy or diseased, and identify specific diseases
when symptoms match known patterns.

Nutrient Requirement Analysis: Based on the crop’s type and its growth stage, the
system uses data from the soil sensors to evaluate the crop’s nutrient requirements. The
system calculates optimal levels of key nutrients, such as nitrogen (N), phosphorus
(P), and potassium (K), adjusting recommendations according to soil pH and moisture
readings.

4.1.3 Recommendation Module

Fertilizer and Pesticide Recommendations: Once the disease diagnosis and soil analysis
are complete, the system generates actionable recommendations for farmers. If a disease
is detected, the system suggests appropriate treatments, including pesticide or insecticide
types, dosage, and application frequency. If nutrient deficiencies are detected, the system
recommends specific fertilizers, detailing the ideal quantities of N, P, and K needed to
optimize crop health and yield.

User Interface: A mobile or web application interface provides farmers with an easy-
to-use platform for uploading images, receiving real-time updates from soil sensors, and
viewing tailored recommendations. The interface includes visual guides and localized
language options to ensure accessibility for farmers with varying levels of technical
expertise.

4.2 Workflow of the Proposed System
The system’s workflow consists of five key steps:

a.  Gathering Images and Data: Farmers first take a picture of the affected crop
exhibiting certain disease or damage symptoms. Such an image which is time-
stamped will be accompanied by the possible data from the soil moisture sensor.
The soil sensors are equipped in such a way that they automatically assess their
pH values and moisture levels and relay this information to the processing unit.

b. Input Data Pre-processing: Imaging systems require image enhancement
processing for images that are captured during diagnosis and prior to analysis.
Typically, this involves resizing the images to standard requirements, pictures
are changed in color saturation or intensity, and useless images are removed to
bring attention to important ones for the purposes of disease diagnosis. At this
point, however, soil data as well is being cleaned and prepared for use.



c. Symptoms Identification and Nutrient Assessment: The syste-m performance
semantic segmentation recurs when the pre-processed crop image is analyzed
to detect diseased conditions or pest high incidences on the crops by patterns
classified in symptoms. At the same time, data from the control unit of soil
sensors is used to assess the soil dynamics and nutrient content considering
N or P or K dynamics and balance relating to crops pest and diseases. Other
parameters such as the types of crops planted and the growing period may as
well be included in the model for tailored recommendations.

d.  Preparation of Recommendations: The disease diagnosis and soil analysis
results are used for the system to create tailored recommendations. Where the
disease or the infestation of pests is confirmed, the system advises on the most
appropriate pesticide or insecticide to use including how much and how often
to use it. In the event there are nutrient imbalances in the growth of the crop, the
system advises on the appropriate fertilizer formulation and quantity to correct
the problem.

e. Feed-Back and Improvement: Farmer can give their remarks on how effective
the recommendations are and this information is stored in the system’s database.
Such feedback improves the efficacy of the machine learning model and assists
in fine-tuning its recommendations over time so that there is constant evolution
to the local situation as well as the farmers’ requirements.

4.3 Technological Components and Algorithms

The advancement and effectiveness of this model depend on several cutting-edge
technologies and algorithms, including:

a.  Convolutional Neural Network (CNN): The CNN model is the chief algorithm
responsible for performing detection of disease using an image. It has been
trained with volume of labeled crop images containing different kinds of
diseases and even able to detect mild diseases. The model consists of several
convolutional layers to recognize the spectral color, shape and texture variations
associated with disease.

Context Diagram

The following high-level context diagram illustrates the project:

Smart Farming System

The above-mentioned context diagram containg
not only the farmer but the Smart Farming system

Fertilizer Optimization Module and at least three modules as well. The IoT

‘ sensors help in collecting real-time data to the
system. which provides the farmers with
[ Soil Moisture Monitoring Module ] recommendations using machine leaming and
computer vision techniques. This database is
filled up with data on concepts such as soil type,
crop type and weather conditions, all of which
help the machine leaming determinants in making
[ IoT sensors (Soil moisture, Weather) ] forecasts.

{ Database (Soil type, Crop type, Weather) ]

Machine Learning Algorithms

[ Computer Vision Techniques ]

|

Fig. 1. Context Diagram of the Model



IoT Sensors Domain: Soil pH and moisture are the most relevant ones, which
are used to constantly assess the environ mentally-friendly factors assisting
the growth of the crop. The central system received the data from these two
sensors via a low power long-range wireless network thus providing up to date
information even in the most remote locations.

Data Storage and Cloud Computing Application: The system incorporates
cloud services in comparing a large number of images, soil data, and feedbacks
over time thus enabling easy access of diverse data. Furthermore, there is the
use of cloud computing in the real-time image processing, nutrient computation,
and generation of recommendations as it offers the required power.

4.4 Advantages of the Proposed System

The suggested system brings a lot of advantages to the farmers:

a.

Early Disease Detection: The system employs Convolutional Neural Network
(CNN) techniques in the interpretation of crop images using convolutional
neural networks, which helps in the early treatment of pests and diseases.
Thanks to this, less will be a crop loss and productivity will be improved.

Precision Nutrient Management: The real-time data provided by soil sensors
makes it possible to recommend exact amounts of fertilizer without wastage of
resources.

Promote Sustainable Practices: This avoids using too much chemicals where the
system recommends only the right amount of nutrients and pesticides to be used.

Accessibility and Ease of Use: The mobile interface is designed to be simple
to use, using local languages with pictorial instructions to cater for farmers,
regardless of how skilled they are.

4.5 Limitations and Future Work

Even if the system presented in this work is robust enough, certain limitation needs to be
considered for enhancement in the future:

a.

Scalability toward Different Crop Types: Although the CNN model is fitted on
certain crops, more adaptation training on other crop datasets shall be done in
the future for better fitting for more differ crops.

Limited Geographical Areas: The internet is not readily accessible in most of
the remote regions. Future versions may propose strategies to those cases such
as working offline or processing anything at a local site.

Training and Accepting the system: Most importantly, the limitations of the
system are perceived on the use of mobile technology integrated with the
Internet of Things, which makes the system highly dependant on the user.
Future adopters will be required to develop appropriate designs and train the
users to the system as to enhance acceptance of the system.

To sum up, the designed system provides a new paradigm for smart agriculture
through the introduction of the machine learning and IoT techniques, which allows
farmers to manage soil and crop health better with respect to the data obtained. This
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system makes clinical identification along with soil assessment more practical and that
is actually aimed to boost productivity of farmers while maintaining and enhancing
ecological balance and economic prosperity.

5. Results and Discussion

The preliminary outcomes show that the accuracy in disease classification utilizing the
CNN model is on a high level making it possible to use in early diagnosis of diseases.
The soil data provided by the IoT sensors improve significantly the appropriateness of
fertilizer recommendations. The smart farming system is effective in providing farmers
with pest management and fertilization advice, thus reducing the usage of unnecessary
chemicals.

5.1 System Evaluation

The system was tested on a variety of crop types in different soil conditions. The model
achieved an accuracy rate of over 90% in identifying common crop diseases, while the
fertilizer recommendation model showed promising results in balancing soil nutrient
levels effectively.

5.2 Benefits to Farmers

This system offers several advantages: Timely and accurate disease diagnosis, reducing
crop loss, precise recommendations, ensuring optimal fertilizer usage, cost savings by
reducing the unnecessary use of pesticides and fertilizers.

5.3 Limitations and Future Work

Challenges include model scalability for diverse crop varieties and soil types. Future
research could expand the system’s database to cover a wider range of diseases, soil
types, and environmental conditions.

6. Conclusion

To sum up, this study reveals the effectiveness of a smart farming system using machine
learning and IoT technologies that offers farmers insights for the management of crop
health. The merger of computer vision based image analysis for disease detection
employing convolutional neural networks with up to the minute soil data aided by IoT
sensors enables the system to equip farmers on when decides the amount of pesticide,
level of nutrients to be incorporated in the crops and all other aspects of farming. This
provides a reasonable remedy to age-old problems faced in farming such as crop disease
which is not visible and waste of fertilizers, by providing targeted interventions. All in
all, it intends to do away with the detrimental practices in agriculture, not only increasing
food production but also reducing waste. This smart farming concept is already being
used to raise production levels and enhance resilience for farmers in many countries ‘if
the challenges of growing connectivity and scalability of the model are dealt with.



11

References

1.

10.

I1.

12.

Setia, S., Anjli, K., Bisht, U., Jyoti, Raj, D. “Event Management System Using Spatial and
Event Attribute Information”. SN COMPUT. SCI. 6, 290 (2025). https://doi.org/10.1007/
s42979-025-03781-0.

Naitik, D. Raj, D. K. Rajan, A. K. Gupta, A. K. Agrawal and K. R. Krishna, “Enhancing
Toxic Comment Detection with BiILSTM-Based Deep Learning Model,” 2024 International
Conference on Information Science and Communications Technologies (ICISCT), Seoul,
Korea, Republic of, 2024, pp. 206-211, doi: 10.1109/ICISCT64202.2024.10956568.

S. Singh, P. Prakash, G. Baghel, A. Singh, D. Raj and A. K. Agrawal, “Banana Crop
Health: A Deep Learning-Based Model for Disease Detection and Classification,” 2024
27" International Symposium on Wireless Personal Multimedia Communications (WPMC),
Greater Noida, India, 2024, pp. 1-6, doi: 10.1109/WPMC63271.2024.10863138.

Adhikari, M.S., Gupta, R., Raj, D., Astya, R., Ather, D., Agrawal, A. (2025). Prevention of
Attacks on Spanning Tree Protocol. In: Dutta, S., Bhattacharya, A., Shahnaz, C., Chakrabarti,
S. (eds) Cyber Intelligence and Information Retrieval. CIIR 2023. Lecture Notes in Networks
and Systems, vol. 1139. Springer, Singapore. https://doi.org/10.1007/978-981-97-7603-0 24
D. Raj, A. K. Gupta and K. Rama Krishna, “Comparative Analysis of Different Approaches
for Cyber Forensics,” 2024 4" International Conference on Technological Advancements in
Computational Sciences (ICTACS), Tashkent, Uzbekistan, 2024, pp. 42—47, doi: 10.1109/
ICTACS62700.2024.10840964

Raj, D., Ather, D. & Sagar, A.K. “Advancing Vehicular Ad-Hoc Network Solutions in
Emerging Economies: A Comparative Analysis of V2V Protocols Through Simulation
Studies”. SN COMPUT. SCI. 5, 1077 (2024). https://doi.org/10.1007/s42979-024-03411-1
Bhardwaj, A., Sharma, A., Raj, D., Ather, D., Sagar, A. K., & Jain, V. (2025). “Dynamic
and Scalable Privacy-Preserving Group Data Sharing in Secure Cloud Computing”. In N.
Chaubey & N. Chaubey (Eds.), Advanced Cyber Security Techniques for Data, Blockchain,
IoT, and Network Protection (pp. 89-122). IGI Global Scientific Publishing. https://doi.
0rg/10.4018/979-8-3693-9225-6.ch004

Singhal, R., Jain, V., & Raj, D. (2025). “E-Health Transforming Healthcare Delivery With
Al, Blockchain, and Cloud”. In M. Lytras, A. Alkhaldi, & P. Ordoéfiez de Pablos (Eds.),
Harnessing Al, Blockchain, and Cloud Computing for Enhanced e-Government Services
(pp. 475-510). IGI Global Scientific Publishing. https://doi.org/10.4018/979-8-3693-7678-2.
ch015

Gupta, R., Adhikari, M. S., Raj, D., Jain, V., Sagar, A. K., & Ather, D. (2024). “Blockchain
in Web3.0”. In K. Abhishek & C. Chakraborty (Eds.), Blockchain-Based Solutions for
Accessibility in Smart Cities (pp. 171-204). IGI Global. https://doi.org/10.4018/979-8-3693-
3402-7.ch007

Pranjal, Vaishnavi, Divyansh, Raj, D., Jain, V., Agarwal, A.K. (2024). “Adversarial Attacks
on Neural Networks”. In: Dutta, S., Bhattacharya, A., Shahnaz, C., Chakrabarti, S. (eds)
Cyber Intelligence and Information Retrieval. CIIR 2023. Lecture Notes in Networks and
Systems, vol 1025. Springer, Singapore. https://doi.org/10.1007/978-981-97-3594-5 34.
Gandhar A.; Gupta K.; Pandey A.K.; Raj D., “Fraud Detection Using Machine Learning and
Deep Learning”, 2024, SN Computer Science, Volume-5, Issue-5, DOI: 10.1007/s42979-024-
02772-x

Prajapati A.; Gupta A.; Mishra S.; Raj D.; Singh M.K.; Goyal M.K., “An Exploration on
Big Data Analytical Techniques: A Review”, 2024, Proceedings of the 18" INDIAcom; 11"
International Conference on Computing for Sustainable Global Development, INDIACom
2024, pp: 123-128, DOI: 10.23919/INDIACom61295.2024.10498836



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

12

Chaudhary A.; Krishna K.C.; Shadik M.; Raj D., “Detection of Phishing Link Using Different
Machine Learning Techniques”, 2024, Lecture Notes in Networks and Systems, Volume-896,
pp: 63-77, DOI: 10.1007/978-981-99-9811-1_6

Rai S.; Upadhyay A.K.; Sharma D.; Raj D.; Gupta A.K.; Ather D., “Quantum cryptography-A
modern approach”, 2023, Journal of Discrete Mathematical Sciences and Cryptography,
Volume-26, Issue-7, pp: 1991-2006, DOI: 10.47974/JDMSC-1839

Raj D.; Sagar A K., “Vehicular Ad-hoc Networks: A Review on Applications and Security”,
2023, Communications in Computer and Information Science, Volume-1921 CCIS, pp: 241-
255, DOTI: 10.1007/978-3-031-45124-9_19

Dhoundiyal S.; Arora A.; Mohakud S.; Patadia K.; Gupta A.K.; Raj D., “A Multilingual Text
to Speech Engine Hindi-English: Hinglish”, 2023, Proceedings of the 12" International
Conference on System Modeling and Advancement in Research Trends, SMART-2023, pp:
480-485, DOI: 10.1109/SMART59791.2023.10428607

Santhan A.; Tomar A.K.; Arora V.; Raj D., “Tank water flow automation”, 2023, Artificial
Intelligence, Blockchain, Computing and Security: Volume 1, Volume-1, pp: 924-928, DOI:
10.1201/9781003393580-138

Chaudhary A.; Krishna K.C.; Shadik M.; Raj D., “A review on malicious link detection
techniques”, 2023, Artificial Intelligence, Blockchain, Computing and Security: Volume 1,
Volume-1, pp: 768-777, DOI: 10.1201/9781003393580-114

Ali S.A.; Roy N.R.; Raj D., “Software Defect Prediction using Machine Learning”, 2023,
Proceedings of the 17" INDIACom; 10" International Conference on Computing for
Sustainable Global Development, INDIACom 2023, pp: 639-642.

Borges, Tanya and Rai, Akash and Raj, Dharm and Ather, Danish and Gupta, Keshav, “Kidney
Stone Detection using Ultrasound Images” (July 14, 2022). Proceedings of the Advancement
in Electronics & Communication Engineering 2022, Available at http://dx.doi.org/10.2139/
ssrn.4159208

Jain, Ashima and Sarkar, Arup and Ather, Danish and Raj, Dharm, “Temperature Based
Automatic Fan Speed Control System using Arduino” (July 14, 2022). Proceedings of the
Advancement in Electronics & Communication Engineering 2022, Available at SSRN: http://
dx.doi.org/10.2139/ssrn.4159188 .

Challa, Neha and Baishya, Kriti and Rohatgi, Vinayak and Gupta, Keshav and Ather, Danish
and Raj, Dharm, “Recent Advances in Sign Language Detection: A Brief Survey” (July 14,
2022). Proceedings of the Advancement in Electronics & Communication Engineering 2022,
Available at http://dx.doi.org/10.2139/ssrn.4157565

Malhotra, Chiranjeev and, Devanshu and Sharma, Sourav and Arquam, Md. and Maini, Tarun
and Raj, Dharm, “Complete Medical Solutions With InstaMedi” (July 14, 2022). Proceedings
of the Advancement in Electronics & Communication Engineering 2022, Available at http://
dx.doi.org/10.2139/ssrn.4159204.

Agarwal A.K.; Ather D.; Astya R.; Parygin D.; Garg A.; Raj D., “Analysis of Environmental
Factors for Smart Farming: An Internet of Things Based Approach”, 2021, Proceedings of
the 10th International Conference on System Modeling and Advancement in Research Trends,
SMART 2021, pp: 210-214, DOI: 10.1109/SMART52563.2021.9676305

Ojha R.P; Raj D.; Srivastava P.K.; Sanyal G., “Gaussian tendencies in data flow in
communication links”, 2018, Advances in Intelligent Systems and Computing, Volume-729,
pp: 499-505, DOI: 10.1007/978-981-10-8536-9 48

Srivastava M.; Singh H.M.; Gupta M.; Raj D., “Digital watermarking using spatial domain
and triple des”, 2016, Proceedings of the 10" INDIACom, 3 International Conference on
Computing for Sustainable Global Development, INDIACom 2016, pp: 3031-3035



27.

28.

29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.

13

Kumar S.; Raj D., “A contemporary approach to hybrid expert systems: Case base reasoning”,
2010, 2010 International Conference on Computer and Communication Technology,
ICCCT-2010, pp: 736-740, DOI: 10.1109/ICCCT.2010.5640376

Raj D.; Tripathi R.C., “Method for generating 3-dimensional wireframe model from different
2-dimensional drawings”, 2010, NISS2010 - 4" International Conference on New Trends in
Information Science and Service Science, pp: 313-318

“Precision Agriculture: Technology and Applications” by Rajendra Persaud

“Agricultural Robotics: Automation and Emerging Technologies” by John Billingsley
“Machine Learning for Agriculture: Predictive Analytics for Farming” by Srinivasa Salineni
“IoT in Agriculture: Emerging Trends and Technologies” by Suresh Sundar

National Oceanic and Atmospheric Administration (NOAA): (weather forecasting)

United States Department of Agriculture (USDA): (agricultural research and data)
International Society for Precision Agriculture (ISPA): (precision agriculture resources)
Machine Learning for Agriculture (ML4Ag): (machine learning applications in agriculture)
Machine Learning in Agriculture: A Review Paper by S.Rao et al. (2020)

Precision Farming using IoT and Machine Learning by A.K.Singh et al. (2019)

Agricultural Yield Prediction using Machine Learning by S.K.Goyal et al. (2018)

IoT based Smart Farming: A Survey by S.Iyer et al. (2019)



