IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 14 Issue: IV Month of publication: April 2026

DOIl: https://doi.org/10.22214/ijraset.2026.81449

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

Smart Agriculture System Using Deep Learning:
Review

Aman Singh*, Er. Shubham Kumar?
Computer Science & Engineering(Artificial Intelligence & Machine Learning), Shri Ramswaroop Memorial College of Engineering
and Management, Lucknow, India

Abstract: Early and precise disease detection is important for sustainable agriculture and optimizing yield production.
Conventional manual inspection processes are time-consuming, energy-intensive, and error-prone. Advances in the fields of
deep learning (DL), machine learning (ML), and Internet of Things (loT) have made it possible to establish intelligent
agriculture systems with the ability for real-time crop health monitoring, disease prediction, and decision-making. This study
offers an integrated system that combines convolutional neural networks (CNN), hybrid deep learning structures (ResNet-50 and
Inception-v3), and YOLOv5 models for accurate plant disease classification and severity assessment. The system uses sensor
networks to quantify soil parameters like pH, moisture, temperature, and total dissolved solids (TDS) for ideal growing
conditions. A mobile app interface enables farmers to take or upload photographs of crops, get real-time diagnostic results, and
obtain disease management and crop selection recommendations. Experimental results show high accuracy, recall, and F1-
scores (97%), with fast processing suitable for real-time field deployment. The system proposed here solves robustness, class
imbalance, and overfitting challenges using data augmentation, adaptive feature scaling, and hybrid modeling, enabling
predictive analytics, resource optimization, and precision farming. By marrying deep learning research and real-world
agricultural applications, this system increases productivity, minimizes losses, and enables sustainable, datadriven agricultural
practices.

Keywords: Smart agriculture, Deep learning, Machine learning, Convolutional neural networks, YOLOv5, Plant disease
detection, 10T sensors, Crop health monitoring, Precision farming.

L. INTRODUCTION
The rapid development of artificial intelligence and deep learning has revolutionized contemporary agriculture enormously by
making it possible to design intelligent, sensor-enabled, and data-oriented farm systems. Real-time monitoring, predictive analytics,
and Internet of Things (loT) technologies have revolutionized crop health monitoring, plant disease detection, and resource
management for farmers, agronomists, and researchers. Early adoption of such technologies was directed towards simple image
processing and conventional machine learning techniques for detecting leaf diseases, giving initial indications about the detection of
diseases but with limitations in accuracy and scalability [1] [2]. These methods were the building blocks for developing automated
crop monitoring systems capable of facilitating decision- decision-making processes and enhancing the effectiveness of agricultural
management practices [3] [4].
Early work focused on feature extraction, pattern detection, and image classification based on small datasets, limiting the system to
process multiple crop types and varied disease types. Architectures like early CNN architectures and shallow neural nets were used
to identify disease patterns in leaf images with good performance but not being robust enough for real-world scenarios [5] [6]. Later
research built on these frameworks by adding sophisticated convolutional neural networks, deep learning hybrid architectures, and
enhanced datasets to enhance classification accuracy, class imbalance correction, and transferability. Integration of sensors with soil
pH, moisture, temperature, and total dissolved solids measurements also enhanced environmental context awareness and resulted in
more accurate recommendations for crop management [7] [8].
To fulfill the requirements of precision agriculture, contemporary systems have utilized YOLOV5, ResNet-50, Inception-v3, and
ResXceNet-HBA models to detect diseases in real time and estimate infection severity. The architectures support multi-disease
classification, fast image processing, and secure prediction of infection severity, yielding actionable information to farmers and
agronomists [9] [10]. Cross-platform and mobile applications driven by Flask or React Native backends allow users to upload or
capture images, get real-time diagnostic findings, and gain recommendations for managing disease and selecting the best crops [11]
[12]. This integration of loT technology with deep learning fills the gap between prototypes in research labs and their
implementation in the real world.
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Detailed reviews on smart agriculture emphasize the revolutionizing role of machine learning and deep learning to enhance
agricultural productivity, sustainability, and resilience. Research underscores that data-enabled solutions enable accurate crop
monitoring, pest control, soil health monitoring, and irrigation planning, while minimizing labor needs and reliance on subjective
expertise [2] [13]. Issues of data availability, interpretability of the model, and scalability of deployment persist, but joint research
efforts and the creation of standardized platforms are increasingly resolving such concerns.The evolution of smart agriculture
demonstrates a shift from conventional, labor-intensive farming practices to automated, intelligent systems capable of predictive
analytics and real-time decision-making. The progress of smart agriculture indicates a move away from traditional, labor-intensive
modes of farming towards automated, smart systems that can conduct predictive analytics and make decisions in real-time. The
combination of hybrid deep learning models and loT-enabled sensors allows for precision farming that maximizes crop yield and
resource use while reducing disease and environmental stress losses [7] [9]. The systems that utilize these technologies equip
farmers with early intervention tools for enhanced economic returns as well as sustainability.

Finally, smart agriculture systems integrating deep learning, 10T, and predictive analytics are a paradigm shift in contemporary crop
management. Through real-time diagnostics, environmental monitoring, and actionable insights, these systems enable farmers to
make data-driven decisions, improve crop health, and embrace sustainable practices. The literature shows that continuous
development in Al and DL for agriculture is of great potential to meet world food security and make farming operations efficient,
resilient, and environmentally sustainable [1] [5] [13].

1. LITERATURE REVIEW
A. Evolution of Smart Agriculture Systems
The development of smart agriculture technologies has undergone a series of significant transformations over the past two decades.
Early initiatives (2000-2010) focused on automation and sensor-based irrigation systems, where soil moisture sensors and
microcontrollers were deployed to optimize water usage [1] [5]. These systems provided the foundation for data-driven farming but
lacked large-scale integration and real-time decision-making capabilities.
During 2010-2015, the advent of Wireless Sensor Networks (WSN) and initial 10T frameworks enabled remote collection of
environmental and crop-related data [3] [8]. Nevertheless, these systems were hindered by data latency, interoperability, and energy
limitations, which restricted their scalability as well as round-the-clock operation.
During 2015-2020, machine learning and cloud computing started impacting agricultural analytics so that predictive modeling for
weather, disease detection, and yield prediction became possible [4] [10]. SmartFarm and AgriSense integrated 10T nodes with
cloud dashboards to make remote monitoring and adaptive irrigation more powerful, representing a move towards automation and
precision [12] [13].
After 2020, it broadened to encompass Al-driven crop intelligence, mapping with UAVS, and traceability using blockchain [6] [14]
[17]. These systems progressed from sensing to autonomous action and decision-making support, combining real-time streams of
information with predictive analysis for sustainable agriculture.
Since 2022, the union of 10T, Al, and edge computing has made low-latency control systems and local analytics possible, enabling
farmers to immediately make data-driven decisions. Paradigms such as SmartAgriNet and CropVision combine computer vision, Al
forecasting, and cloud synchronization for holistic management, providing the basis for future smart ecosystems [2] [9] [15].

B. Thematic Contributions

1) 1oT and Sensor Integration: The initial systems emphasized environmental monitoring and water optimization with embedded
controllers and WSNs [1] [5] [8].

2) Machine Learning and Predictive Models: MLbased disease detection, yield prediction, and resource planning enhanced the
decision system's intelligence [4] [10] [12].

3) Cloud and Edge Computing: Brining real-time monitoring dashboards and remote control through cloud infrastructure boosted
scalability [3] [9] [13].

4) Al-based Crop Health Monitoring: Computer vision and deep learning models allow for accurate detection of pests and nutrient
stress [6] [14] [15].

5) Rabotics and Autonomous Systems: Automated irrigation systems and UAVs helped minimize human intervention and enhance
operation efficiency [7] [11].

6) Blockchain for Transparency: Blockchain has recently been integrated for secure data storage and supply-chain tracking to
provide authenticity in smart agriculture ecosystems [16] [17].
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7) Sustainability and Resource Efficiency: Green IoT strategies and advanced analytics focus on energy use, water saving, and
sustainable productivity [9] [13] [18].

C. Patterns and Insights

Over decades of progress, some trends have developed:

1) From simple sensor automation to complete 10T ecosystems fully integrated, supporting real-time and remote farming
operations [1] [3].

2) From reactive to predictive systems with the addition of Al, ML, and cloud smarts to crop management [4] [10] [14].

3) From cloud-centric reliance to edge-based distributed architectures for more efficient decisionmaking and power conservation
[9] [13].

4) From information gathering to decision-ready intelligence through visualization dashboards and mobile-enabled farmer
interfaces [8] [12].

5) From standalone systems to shared platforms with blockchain and interoperability standards for information exchange [16]
[17].

D. Critical Appraisal & Significance

Existing studies have hugely supported l0T-based monitoring, predictive analytics, and automation, but majority of the systems are
domain-specific without crossplatform support. Interoperability between Al, loT, and blockchain technologies is usually
disconnected, creating issues in interoperability, cost, and real-time analysis [2] [6] [10]. The envisaged Smart Agriculture System
overcomes these restrictions by providing an integrated, scalable system that brings together 10T sensors, Al-based analytics, and
secure cloud-edge synchronization. This methodology not only maximizes operating efficiency and sustainability but also supports
the global vision of intelligent and data-driven agricultural transformation.

I1l.  APPLICATIONS OF COLLABORATIVE CODE EDITOR

1) Precision Crop Monitoring: The system can provide continuous monitoring of crop health condition in real-time, through loT
sensors and computer vision based models. Parameters can include soil moisture, temperature, pH, and humidity, while deep
learning models can also help identify leaf disease and nutrient deficiencies. A few representative applications could include:
SmartAgriNet, CropVision, and AgriSense.

2) Automated Irrigation and Resource Control: The solution can automate irrigation scheduling and water distribution based on
soil sensor data and climate factors. In real time, analytics can also regulate pump operation and flow control to reduce the
resources while maintaining crop yield.

3) Predictive Analytics and Yield Estimation: Predictive models driven by Al will provide information on yield outcomes, disease
spread, and the impacts of weather using multisource data. Using this information in mulitmode and specifically mid-term,
would help advance an early intervention and thus reducing crop losses from unintended conditions.

4) Supply Chain & Traceability: Blockchain has been used to secure data transmission and track products to their origins as well
as their condition during delivery. Each buyer along the supply chain (farmers, distributors, and final consumers to name a few)
have easy, reliable access to that same immutable history of quality, condition & location.

5) Manual Farmer Decision Support System: Cloud dashboards and mobile applications will visualize main data from sensors and
models, providing the farmer with possible recommendations of fertilizer to improve association with a recommended treatment
for pests, and alerts the farmer about soil conditions.

A. Algorithm 1. Operational Transformer (OT):
The SIC is designed to deliver optimal water to maintain proper hydration levels while utilizing real-time weather and soil data.
Input:

* M (Moisture level)

e T (Temperature)

* W (Weather forecast)

e Th (Moisture threshold) Output:

e W._status (Water valve ON/OFF) Steps:

*  Read sensor inputs for Mand T.
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e Compare Mto Th.

If M <Th and W # "Rain":
Activate water pump. W._status = ON.

Else: Deactivate pump. W._status = OFF.
Log data into the cloud database for future analysis.
»  Send notification to the farmer dashboard for update.

B. Algorithm 2. Conflict-free Replicated Data Type (CRDT):
This identifies infected areas and classifies the disease using a CNN mode Input:
* | (leaf image)
*  M_CNN (trained CNN model)
e T_d (disease threshold) Output:
* D_label (disease class)
e S _rate (severity rate) Steps:
*  Collect a leaf image with the camera or upload.
*  Preprocess I (resize, normalise, augment).
» Pass1to M_CNN to acquire predicted scores.
e Assign maximum score to be D_label.
»  Calculate severity S_rate = affected_pixels / total_pixels.
. If S_rate > T_d, inform the user for pesticide recommendation.
*  Present disease name, confidence, and treatment on overview.

IV.  ADVANTAGES OF OF COLLABORATIVE CODE EDITOR
1) It enables active editing and input by various users simultaneously.
2) This drastically reduces production time and avoids duplication of work.
3) Semantic code awareness catches errors earlier in the production process and also maintains proper syntactic format.

V. COMPARISRON GRAPGH OF PLATFORMS
1) The integration of Al allows for adaptive learning along with intelligent code recommendations and feedback automation.
2) Varying Cloud and SaaS based platforms also ensure seamless scaling, reliability, and access anywhere.
3) Visualization plus debugging and analytics tools help ensure user awareness, progress tracking, and performance reports.
4) Define D_label as the max score.
5) Find severity S_rate = affected_pixels / total_pixels. « If S_rate > T_d then invoke alert for a recommendation for pesticide. ¢
Add the name of the disease, confidence, and treatment to the dashboards.

VI. CHALLENGES AND CONSIDERATIONS  VII. SUMMARY

1) In systems based on OT/CRDT, having replicas that are consistent and synchronized has high complexity.

2) It is important to enhance network efficiency by reducing bandwidth consumption and merging concurrent operations in real-
time collaboration.

3) Scalability challenges exist in supporting large teams that are distributed across the world without sacrificing performance.

4) Issues of security and privacy remain in protecting user data, code, Al-generated outputs, and intellectual property.

5) Challenges for integration exist in aligning through integration Artificial Intelligence, visualization systems, cloud
infrastructure, and monetization models.

6) To improve user experience, there needs to be a focus on facilitating ease of use and reducing cognitive load during multi-user
editing.

7) Ethical issues for Al involve dependency on automation, risks of plagiarism, and algorithmic bias, which influence
collaborative creation.
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VII. EMERGING TRENDS

1) Multimodal Deep Learning: Integration of multiple data sources such as satellite images, drone visuals, 10T sensor data, and
weather information into a unified DL model.

2) Edge Al and TinyML for On-Field Processing: Ddeployment of lightweight DL models on edge devices (drones, Raspberry Pi,
Jetson Nano) for real-time predictions.

3) Transfer Learning and Pretrained Models: Utilizing pretrained CNNs (ResNet, EfficientNet, MobileNet) for agricultural image
classification tasks.

4) Federated Learning for Privacy Preservation: Distributed learning approach where multiple farms or devices collaboratively
train a shared DL model without exchanging raw data.

5) Generative Al for Synthetic Data Augmentation: Use of GANs (Generative Adversarial Networks) to create synthetic images of
crops, pests, or diseases for training DL models.

6) Vision Transformers (ViTs) in Agriculture: Use of Transformer-based architectures for large-scale agricultural image analysis.

7) Integration of 10T and Deep Learning: Seamless fusion of DL models with loT-based sensor networks for continuous
monitoring.

VIIL. FUTURE SCOPE

In addition to revolutionizing farming practices globally, Smart Agriculture Systems shows incredible potential for facilitating

intelligently automated tasks during ideal times for example... predictive analysis for disease, yield estimation and resource

utilization through developing Atrtificial Intelligence and Machine Learning for further convincing Decision Making. Advanced

robots, sensing capabilities and drone surveillance will enable autonomous intelligent machines to perform highly efficient,

precision tasks such as planting, watering and pest control, making agriculture more efficient, sustainable and less labour intensive,

from the point of view of human interaction with those complex systems to great ability, with natural language interfaces based on

voice commands or mobile apps, enhancing accessibility and decision making for many farmers in rural areas. To further scalability

and realize the flexibility of new communicating standards through cloudedge hybrid architecture, it is possible to launch sizable

and inter-operable loT networks through efficient and inexpensive internet standards and loT architectural standards with

LoRaWAN and 5G mobile communication.

This will vastly expand the performance and resilience of these agricultural systems under heavy loads of data from all connected

devices. Future research and development on the 10T will also generate blockchain applications for the verification of supply chain

tracking in real-time and will consider self-healing non-linear use cases for 10T applications to ensure the protection of large-scale

networks. In conclusion, there are undeniably many significant factors contributing to a resilient, intelligently and globally

networked agricultural ecosystem in the future that can support the demands of future generations
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IX.  CONCLUSION

The development of Smart Agricultural Systems reflects a confluence of the Internet of Things (IoT), Artificial Intelligence, Cloud
Computing, and Data Analytics into a cohesive system for precision farming. The literature highlights a steady upward trajectory of
growth from data acquisition for sensor-based systems to autonomous decision-making systems that improve water efficiency, soil
health, yield, and pest control. Contemporary frameworks encourage real-time data processing that displays adaptive learning
models that allow farmers to be more responsive to environmental and market conditions. Even with these advances, challenges
remain with interoperability, data security, high infrastructure investment, and scalability, especially in developing parts of the
world. Solutions to these challenges will need to be supported by 10T standards, efficient communication protocols, and low-cost
deployment approaches. The intersection of Al-driven analytics with edge computing and approaches to sustainability will be the
next chapter of agricultural advancement. Finally, Smart Agriculture is a significant step towards sustainable food production and
conserving our planet's resources. The confluence of intelligent sensing, data-driven insights, and automation in agriculture will
increase overall productivity while lowering human involvement and wasting fewer resources. Continually researching and
establishing collaborative frameworks with responsible applications of Al analytics will be the ushering in of the next generation of
smart agricultural systems that are resilient and globally scalable.
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