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ABSTRACT

Agricultural sector is undergoing a significant transfor-
mation to address the growing global demand for food
while ensuring sustainability and minimizing environ-
mental impact. Traditional farming methods, which
rely heavily on manual processes and offer limited data
insights, are increasingly inadequate for managing the
complexities of modern agricultural needs. To over-
come these challenges, the integration of advanced
computing technologies specifically cloud, edge,
and fog computing has emerged as a transformative
solution in smart farming. This paper provides a com-
prehensive literature review on the role of these tech-
nologies in agriculture, focusing on their applications,
benefits, challenges, and future directions. A proposed
framework for integrating loT, edge, fog, and cloud
computing is presented, aiming to enhance productiv-
ity, resource efficiency, and environmental sustainabil-
ity. The framework is evaluated through a case study
conducted in the Maregaon District of Yavatmal (Ma-
harashtra), demonstrating significant improvements in
crop yields, resource utilization, and decision-making
capabilities. The results highlight an accuracy of 95%
in data collection and processing, a 20% increase in
crop yields, and a 30% reduction in water usage. These
findings underscore the potential of these technolo-
gies to revolutionize agriculture, ensuring food security
and environmental sustainability in the face of growing
global challenges.

Keywords: Edge-fog-cloud computing architecture, 10T
sensor data analytics, Real-time precision irrigation,
High-performance smart farming framework, Sustain-
able crop yield optimization

Introduction

The agricultural sector faces unprecedented challeng-
es in meeting global food demand while addressing
sustainability and environmental concerns. Tradi-
tional farming methods, reliant on manual processes
and limited data insights, are increasingly inadequate
for modern agricultural needs. The integration of ad-
vanced computing technologies cloud, edge, and fog
computing, has emerged as a transformative solution
in smart farming.

Edge computing addresses some of the drawbacks
associated with cloud computing, such as unpredict-
able latency, lack of location awareness, and user mo-
bility issues. By processing data closer to the source,
edge computing ensures real-time data analysis’ and
immediate responses, crucial for optimizing resource
utilization and enhancing operational efficiency.*
Fog computing acts as a bridge between the cloud
and edge, enabling computing, storage, networking
and data management on network nodes close to IoT
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devices.® This technology provides additional process-
ing, storage, and decision-making capabilities at inter-
mediate nodes, enhancing system responsiveness and
reliability.> Cloud computing to process and analyze
large volumes of data, supporting complex operations
such as big data processing and Predictive analytics for
weather forecasting, fire warning, and soil drought pre-
diction.? However, relying solely on cloud services can
introduce latency and bandwidth constraints, particu-
larly in remote or large-scale agricultural operations.

Literature Review
The evolution from traditional farming to smart farm-
ing highlights the pivotal role of cloud, edge, and fog
computing in addressing scalability, real-time respon-
siveness, and data- driven decision-making. Conven-
tional agricultural practices struggle to provide the
precision, efficiency, and scalability needed for cur-
rent global food systems.! Smart farming leverages IoT
devices, sensors, and data analytics to monitor and
manage farming activities in real-time, optimizing op-
erations from irrigation management to pest control,
soil health monitoring, and crop growth prediction.
Cloud platforms store and process vast amounts
of data collected from sensors and IoT devices, per-
forming complex calculations needed for weather
forecasting, crop disease prediction, and soil analysis.
However, cloud computing has limitations, particular-
ly in terms of latency, bandwidth requirements, and
dependency on stable network connections, which are
often problem at remote or rural areas.’” Fog computing
offers additional processing, storage, and networking
capabilities at nodes situated between the cloud and
edge devices, enabling more localized data aggrega-
tion and decision-making, reducing the burden on
cloud infrastructure while still allowing some level
of distributed intelligence across the network.® Edge
computing is particularly valuable in scenarios where
immediate actions are required, such as adjusting irri-
gation systems based on soil moisture levels or activat-
ing pest control measures when sensors detect a threat.
Recent studies focus on the integration of cloud,
edge, and fog computing as a multi-layered architec-
ture those com- bines the strengths of each approach.
This integrated system supports real-time data pro-
cessing and long-term analytics, catering to both
immediate and strategic agricultural needs.” The con-
vergence of these technologies aligns with research
goals to optimize resource utilization, reduce envi-
ronmental impacts, and improve food security while
addressing the complexities of modern agricultural
demands.
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The integration of cloud, edge, and fog computing
in smart agriculture offers promising solutions to the
sector’s pressing challenges. By leveraging these ad-
vanced technologies, farmers can enhance productiv-
ity, optimize resource use, and promote sustainability.
However, successful implementation requires address-
ing technical, economic, and logistical challenges
to fully realize the potential of these technologies in
smart farming. Future research should focus on devel-
oping integrated frameworks, improving data securi-
ty, and making these technologies accessible to small
scale farmers to ensure widespread adoption and
impact.?

Key Themes and Findings

e Applications of Cloud, Edge, and Fog Comput-
ing in Agriculture: These technologies are used
for real-time monitoring, predictive analytics, and
decision-making in various agricultural processes,
including irrigation, pest control, and crop man-
agement.

e Benefits: Enhanced productivity, resource efficien-
¢y, and environmental sustainability are the pri-
mary benefits of integrating these technologies in
agriculture.

¢ Challenges: Technical challenges include latency,
band- width constraints and data security issues.
Economical and logistical challenges involve the
high cost of implementation and the need for tech-
nical expertise among farmers.

¢ Future Directions: Research should focus on de-
veloping standardized protocols, improving data
security, and conducting long term sustainability
studies to evaluate the performance and reliability
of these technologies over multiple growing sea-
sons and diverse environmental conditions.

Proposed Methodology

The proposed methodology for integrating IoT, edge,
fog, and cloud computing in smart agriculture involves
the following steps:

IoT Sensors

Humidity
Sensor

Temperature
Sensor

Step 1: Framework Design

Develop a multi-layered architecture integrating IoT
sensors, edge devices, fog nodes, and cloud platforms.
Define communication protocols and data flow be-
tween layers to ensure seamless interoperability.

Step 2: Data Collection and Preprocessing

Deploy IoT sensors in the field to collect real-time data
on soil moisture, temperature, humidity, and crop
health. Use edged devices for localized data prepro-
cessing to reduce latency and bandwidth usage.

Step 3: Foglayer Processing

Aggregate and analyze data at fog nodes to enable lo-
calized decision-making, such as adjusting irrigation
systems or activating pest control measures.

Step 4: Cloud-Based Analytics

Transfer processed data to the cloud for long term
storage and advanced analytics, including predictive
modeling for weather forecasting and crop yield pre-
diction.

Step 5: Evaluation and Optimization

Conduct field trials to evaluate the performance of the
integrated system. Optimize the framework based on
feedback and performance metrics.

Step 6: Standardization and Scalability

Develop standardized protocols for data management,
inter- operability, and system integration. Test the
scalability of the framework in diverse agricultural en-
vironments.

Figure 1 shows the complete flow of the proposed
methodology to enhance productivity and to improve
efficiency.

Below is the algorithm (Table 1) for the proposed
methodology, which includes the steps from image in-
put to data processing using deep learning algorithms.
The algorithm also includes the transfer of data via
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Fig 1 | Edge, Fog, cloud based iot architecture for smart agriculture
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Table 1 | Algorithm for smart Farming with 10T, edge, fog, and cloud computing

Input: Farming images, sensor data (soil moisture, temperature, humidity)
Output: Accuracy, Latency, Decision Actions (e.g., irrigation, pest control)

Step 1: Data Acquisition
1.1: Capture farming images using loT-enabled cameras.
1.2: Collect sensor data (soil moisture, temperature, humidity) using loT sensors.
1.3: Preprocess images and sensor data for noise reduction and normalization.

Step 2: Data Transfer via MQTT
2.1: Establish an MQTT broker for communication between loT devices and the Arduino controller.
2.2: Publish sensor data and preprocessed images to the MQTT broker.
2.3: Subscribe the Arduino controller to the MQTT broker to receive data.

Step 3: Data Storage and Processing
3.1: Transfer data from the Arduino controller to the computing server (cloud, edge, or fog).
3.2: Store raw data in the computing server for further processing.
3.3: Perform real-time data processing at the edge or fog layer for immediate actions (e.g.,
irrigation control).
3.4: Transfer processed data to the cloud for long-term storage and advanced analytics.

Step 4: Deep Learning-Based Operations
4.1: Train a deep learning model (e.g., CNN for image classification) using historical farming data.
4.2: Deploy the trained model on the computing server for real-time inference.
4.3: Use the model to analyze farming images and sensor data for:
- Crop health monitoring.
- Pest detection.
- Soil health analysis.
4.4: Generate decision actions based on model predictions (e.g., activate irrigation, apply
pesticides).

Step 5: Performance Evaluation
5.1: Measure accuracy of the deep learning model using a validation dataset.
5.2: Calculate latency for data transfer and processing:
- Latency = Time taken from data acquisition to decision action.
5.3: Log accuracy and latency metrics for system optimization.

Step 6: Decision Execution
6.1: Send decision actions (e.g., irrigation commands) to the Arduino controller.
6.2: Execute actions using actuators (e.g., water pumps, pesticide sprayers).
6.3: Monitor the impact of actions and update the system for continuous improvement.

Step 7: Visualization and Reporting
7.1: Visualize accuracy and latency metrics using dashboards.
7.2: Generate reports for farmers with actionable insights and recommendations.
7.3: Provide real-time alerts for critical issues (e.g., pest outbreaks, soil drought).

End Algorithm

MQTT, storage in computing servers (cloud, edge, fog),
and the generation of accuracy and latency metrics.

We have taken below input as parameters while
training Sensor data, Weather (historical) Data that ef-
fects Agriculture, Land Usage Statistics Per Crop, Acre-
age for Each Crop, Crop Yield Info, Agriculture Inputs
Data, Crop Pest and Disease info, Retail and Wholesale
prices for all Agriculture Commodities, all factors and
sources that affect Agriculture and Agriculture Com-
modity prices,

Farming images and sensor data are acquired using
IoT-enabled devices, preprocessed for cleanliness, and
transferred via the MQTT protocol, with an Arduino
controller acting as a gateway to computing servers.
Data is stored and processed at the edge, fog, or cloud
layer based on urgency, enabling real-time or long-term
analytics. Deep learning models, such as Convolutional
Neural Networks, analyze the data to generate action-
able insights like crop disease detection or irrigation
predictions. System performance is evaluated using
accuracy and latency metrics, helping optimize effi-
ciency. Actions are executed via actuators controlled
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Fig 2 | The flowchart of proposed Algorithm

by the Arduino, ensuring continuous monitoring and
improvement. Finally, real-time insights and alerts are
provided to farmers through dashboards and reports
for better decision-making.

The Figure 2 is showing the complete flowchart of
proposed algorithm.

Results and Discussion

The proposed framework for integrating IoT, edge,
fog, and cloud computing in smart agriculture was im-
plemented and evaluated in a real-world agricultural
environment. The results demonstrate significant im-
provements in productivity, resource efficiency, and
decision-making capabilities. This section discusses
the key findings and their implications for sustainable
smart farming.

Performance Evaluation

The framework was tested in a wheat field over two
growing seasons to evaluate its performance under
diverse environmental conditions. Key performance
metrics included latency, data accuracy, system re-
sponsiveness, and scalability.

e Latency: Table 2 shows edge and fog comput-
ing significantly reduced latency compared to a
cloud-only approach. Real-time data processing
at the edge layer enabled immediate responses to
changes in soil moisture and temperature, with an
average latency of 50 milliseconds.

e Data Accuracy: The framework achieved 95% ac-
curacy in data collection and processing, as val-
idated by ground truth measurements. This high
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Table 2 | Latency comparison

System Latency (ms)
Cloud-Only 200
Edge + Fog + Cloud 50

Table 3 | System responsiveness

System Responsiveness (%)
Cloud-Only 85
Edge + Fog + Cloud 98

Table 4 | Crop yield improvement

Season Traditional Farming Proposed Framework
(Tons/Hectare) (Tons/Hectare)

Season 1 4.5 5.4

Season 2 4.7 5.6

Table 5 | Water usage reduction

System Water Usage (Liters/Hectare)

Traditional Farming 10,000

Proposed Framework 7,000

Table 6 | Environmental impact

Metric Traditional Proposed
Farming Framework

Fertilizer Usage (kg) 500 375

Carbon Footprint 10 7.5

(tC02)

Table 7 | Economic feasibility

Year Initial Investment Annual Savings Cumulative
()] $ Savings ($)

1 10,000 4,000 -6,000

2 0 4,000 -2,000

3 0 4,000 2,000

accuracy is attributed to the use of advanced IoT
sensors and localized preprocessing at the edge
layer.

System Responsiveness: The system demonstrat-
ed high responsiveness, with 98% of decisions
(e.g., activating irrigation systems) executed within
the expected time frame. This is critical for manag-
ing dynamic agricultural environments (Table 3).
Scalability: The framework was scaled to cover a
50-hectare field without significant performance deg-
radation. This scalability is achieved through the dis-
tributed architecture of fog nodes and cloud platforms.

PREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

Productivity and Resource Efficiency

The framework contributed to a 20% increase in crop
yields and a 30% reduction in water usage compared
to traditional farming methods (Tables 4 and 5). These
improvements are attributed to:

e Real-time monitoring and optimization of irrigation
systems based on soil moisture levels.

e Predictive analytics for crop disease detection, en-
abling early intervention and reducing crop losses.

e Efficient resource allocation through data-driven
decision-making.

Environmental Impact

The framework supports sustainable farming practices
by minimizing resource waste and reducing environ-
mental impact. Key outcomes in Table 6 include:

e A 25% reduction in fertilizer usage due to precise
application based on soil health data.

¢ Improved soil health and reduced erosion through
optimized irrigation and crop rotation strategies.

¢ Lower carbon footprint due to reduced energy con-
sumption in farming operations.

Economic Feasibility

A cost-benefit analysis was conducted to evaluate the
economic feasibility of the framework for small and
medium sized farms. The results in Table 7 indicate:

¢ An initial investment of $10,000 is required for IoT
sensors, edge devices, and fog nodes.

e The payback period is estimated at 2.5years, with
annual savings of $4,000 from reduced resource
usage and increased crop yields.

e The framework is economically viable for farms
larger than 10 hectares.

Challenges and Limitations
Despite its success, the framework faces several chal-
lenges:

e Data Security: Ensuring the security and privacy of
agricultural data remains a critical concern. Future
work will focus on implementing robust encryption
and authentication mechanisms.

¢ Interoperability: The lack of standardized pro-
tocols for integrating IoT, edge, fog, and cloud
technologies poses challenges for wide spread
adoption. Developing standardized protocols is a
key area for future research.

e Farmer Adoption: The success of the framework
depends on the willingness of farmers to adopt new
technologies. Training programs and user friendly
interfaces are essential to overcome this barrier.

Comparison with Existing Solutions

The proposed framework outperforms existing solu-
tions in terms of scalability, real-time responsiveness,
and resource efficiency. A comparison with traditional
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Fig 3 | Scalability test

cloud-based systems highlights the advantages of inte-
grating edge and fog computing:

¢ Latency: The proposed framework reduces latency
by 60% compared to cloud-only systems.

e Cost: The distributed architecture of the framework
reduces bandwidth and storage costs by 40%.

¢ Scalability: The framework supports larger agricul-
tural operations without significant performance
degradation, unlike traditional systems.

e This Figure 3 demonstrates the scalability of the
proposed framework by measuring system perfor-
mance as the field size increases.

The scalability test gives more than 95% accuracy
for our proposed algorithm for efficiency and sustain-
ability in smart farming.

Conclusion

The integration of IoT, edge, fog, and cloud comput-
ing in smart agriculture offers a transformative solu-
tion to the challenges faced by the agricultural sector.
The proposed framework demonstrates significant
improvements in productivity, resource efficien-
cy, and environmental sustainability. By enabling
real-time data processing, localized decision-mak-
ing, and advanced analytics, the framework addresses
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key limitations of traditional farming methods and
cloud-only systems. The effectiveness of the frame-
work, achieving an accuracy of 95% in data collection
and processing.
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