IT in Industry, Vol. 7, No.3, 2019

Published Online 30-Dec-2019
DOI: https://doi.org/10.17762/itii.v7i3.809

Al Based Precision and Intelligent Farming System

Samir Rana
Department of Comp. Sc. & Info. Tech., Graphic Era Hill University, Dehradun,
Uttarakhand, India 248002

Abstract

The growing global population and the
increasing demand for food have led to a
pressing need for sustainable agricultural
practices. To address this challenge, we present
an Al-Based Precision and Intelligent Farming
System that leverages state-of-the-art machine
learning techniques to optimize resource
utilization and crop vyields. This study
demonstrates the integration of various data
sources such as satellite imagery, 10T sensors,
and historical data to develop a comprehensive
and adaptive system for precision agriculture.
Our approach employs deep learning models,
including Convolutional Neural Networks
(CNNs) and Long Short-Term Memory
(LSTM) networks, to analyze and predict crop
health, growth, and potential yield.
Furthermore, we propose a reinforcement
learning-based decision-making module for
effective irrigation, fertilization, and pest
control management. The proposed system is
extensively evaluated on real-world datasets,
showing significant improvements in crop
yield, water efficiency, and overall
sustainability compared to traditional farming
methods. Our findings suggest that the Al-
Based Precision and Intelligent Farming
System has the potential to revolutionize
agriculture and contribute to global food
security while minimizing environmental
impacts.

1. Introduction
The global population continues to grow at an
unprecedented rate, placing immense pressure
on the agriculture sector to meet the increasing
food demands. Traditional farming methods
struggle to keep pace with this demand while
maintaining  environmental  sustainability.
Thus, it is crucial to develop innovative and
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efficient farming systems that can optimize
resource utilization, enhance crop vyields, and
minimize environmental impacts. In this
context, we propose an Al-Based Precision and
Intelligent Farming System that harnesses the
power of state-of-the-art machine learning
techniques to transform agriculture. Our system
integrates a variety of data sources, including
satellite imagery, 10T sensors, and historical
data, to create a comprehensive and adaptive
platform for precision agriculture. This
multidimensional approach enables the system
to capture a wide range of information,
allowing for accurate assessment and prediction
of crop health, growth, and potential yield. We
employ deep learning models, such as
Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks,
to analyze this vast amount of data and extract
actionable insights.

In addition to the predictive capabilities,
our system incorporates a reinforcement
learning-based decision-making module that
aids in effective irrigation, fertilization, and
pest control management. This module allows
the system to make data-driven decisions,
resulting in optimized resource usage and
reduced environmental impacts. To
demonstrate the efficacy of our proposed
system, we extensively evaluate its
performance on real-world datasets. The results
show significant improvements in crop yield,
water efficiency, and overall sustainability
compared to traditional farming methods.
These findings underscore the potential of the
Al-Based Precision and Intelligent Farming
System to revolutionize agriculture,
contributing to global food security while
minimizing environmental degradation.

Our Al-Based Precision and Intelligent
Farming System offers a promising solution to
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address the challenges faced by the agriculture
sector in meeting the growing food demands.
By leveraging state-of-the-art machine learning
techniques and integrating various data sources,
our system has the potential to transform
agriculture and pave the way for a sustainable
future.

2. Literature Review
The advent of wireless sensor networks has
greatly impacted the agriculture sector,
providing efficient and real-time monitoring of
crop fields. Joshi (2017) presented an overview
of the wireless sensor network's application in
agriculture, emphasizing the importance of
monitoring environmental parameters such as
temperature, humidity, and soil moisture to
optimize crop growth and yield. The author also
discussed the challenges and future research
directions for wireless sensor networks in
agriculture, including energy management, data
aggregation, and security issues [1].
In the context of sensor data, Suchithra (2018)
investigated the validation of sensor data in
various applications, including agriculture. The
author proposed a methodology for data
validation and preprocessing, which helps
eliminate data inconsistencies, improve data
quality, and ensure accurate decision-making in
various applications [2].
Machine learning techniques have been widely
used for crop yield prediction. Ghadge (2018)
explored the application of various machine
learning  algorithms,  including  Linear
Regression, Support Vector Machines, and
Decision Trees, to predict crop yield using
historical and environmental data. The study
demonstrated the potential of machine learning
techniques in accurately predicting crop yields,
providing valuable insights for efficient crop
management [3].
Deep learning models have also shown promise
in agriculture. Kshirsagar and Akojwar (2016)
optimized the parameters of a Backpropagation
Neural Network (BPNN) using Particle Swarm
Optimization (PSO) for efficient processing of
EEG signals. This approach could be extended
to agricultural applications, where the

Copyright © Authors 32

Published Online 30-Dec-2019
DOI: https://doi.org/10.17762/itii.v7i3.809

optimization of deep learning models can
contribute to improved performance in tasks
such as crop health monitoring and yield
prediction [4].

The impact of agricultural field traffic on soil
compaction has been modeled using SoilFlex
by Keller et al. (2007). This model predicts soil
stress and compaction as a result of field traffic,
providing a useful tool to minimize soil
degradation and improve crop growth. The
authors also synthesized various analytical
approaches to better understand  soil
compaction dynamics [5].

Goap et al. (2018) proposed an loT-based smart
irrigation management system that employs
machine learning techniques and open-source
technologies. This system allows for efficient
water management in agriculture, resulting in
reduced water usage and increased crop yield.
The integration of 10T and machine learning in
this system exemplifies the potential of modern
technology in sustainable agriculture [6].

Jayaraman et al. (2016) present an loT-based
platform designed to address various challenges
in agriculture, such as managing resources and
monitoring environmental parameters. The
authors  describe the architecture and
components of their platform, which include
wireless sensor networks, data storage, data
analysis, and data visualization modules. The
platform's  effectiveness is demonstrated
through real-world use cases, highlighting the
benefits of adopting 10T technologies in
agriculture [7].

Popovi¢ et al. (2017) discuss the development
of an loT-enabled platform for precision
agriculture (PA) and ecological monitoring in
their study "Architecting an loT-enabled
platform for PA and ecological monitoring: A
case study". The authors propose an
architecture that integrates various loT
technologies, such as wireless sensor networks,
cloud computing, and machine learning
algorithms. The paper emphasizes the
importance of addressing challenges related to
data acquisition, processing, storage, and
decision-making in smart farming systems [8].
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Katyara et al. (2017) present a wireless sensor
network (WSN) based smart control and remote
field monitoring system for Pakistan's irrigation
infrastructure, using supervisory control and
data acquisition (SCADA) applications. The
authors discuss the potential benefits of their
proposed system, including improved water
management, reduced water wastage, and the
ability to remotely monitor and control
irrigation systems in real-time [9].
Despommier's (2009) article "The rise of
vertical farms" discusses the concept of vertical
farming as an innovative solution to the
challenges of traditional agriculture. The author
explains the advantages of vertical farming,
such as reduced land and water usage,
controlled  environment agriculture, and
increased crop yields. Despommier emphasizes
the potential role of IoT technologies in the
successful implementation of vertical farming
practices [10].

Bhola and Soni (2016) et al provide an
overview of the research challenges and issues
in the field of wireless sensor and actuator
networks (WSANs). The authors discuss
various aspects of WSANSs, such as network
architectures, protocols, security, and energy
efficiency. They highlight the importance of
addressing these challenges to ensure the
successful deployment of WSANSs in smart
farming applications [11].

Ghosh and Koley's et al (2014) study
demonstrates the application of machine
learning techniques in agriculture. The authors
propose a method to predict soil fertility and
plant nutrient requirements based on historical
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data, using backpropagation neural networks.
This approach can help optimize resource
utilization and improve crop yields in smart
farming systems [12].

The literature highlights the importance of
wireless sensor networks, data validation, and
machine learning techniques in agriculture. The
integration of these technologies has led to
improved crop monitoring, yield prediction,
and resource management. The development of
models such as SoilFlex has further contributed
to understanding soil compaction dynamics and
mitigating the negative impacts of agricultural
field traffic. The combination of 10T, machine
learning, and open-source technologies has
been shown to create efficient and sustainable
agriculture systems, as demonstrated by the
smart irrigation management system proposed
by Goap et al. (2018). These advancements
pave the way for the development of Al-Based
Precision and Intelligent Farming Systems that
leverage state-of-the-art machine learning
techniques to optimize resource utilization and
crop Yields, ultimately contributing to global
food security and environmental sustainability.

3. Proposed System

A. System Architecture
In the Al-Based Precision and Intelligent
Farming System, we employ a combination of
algorithms, including CNNs, LSTMs, and
reinforcement learning techniques. Here is a
step-by-step outline of the overall algorithm
used in our system:
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Algorithm &
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Evaluate
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Figure 1. Proposed System Architecture

Copyright © Authors 33

ISSN (Print): 2204-0595
ISSN (Online): 2203-1731



IT in Industry, Vol. 7, No.3, 2019

Step 1: Data Acquisition
1.1. Collect data from various sources, such as
satellite imagery, loT sensors (e.g., soil
moisture, temperature, humidity), and historical
data (e.g., past yields, weather conditions).
1.2. Pre-process and clean the data to
ensure its quality and consistency.
Step 2: Feature Extraction using CNNs
2.1. Train a CNN on satellite imagery to extract
relevant features related to crop health and
growth.
2.2. Use the trained CNN to process the satellite
imagery and obtain feature maps representing
the spatial distribution of the detected features.
Step 3: Time-Series Analysis using LSTMs
3.1. Train an LSTM network on the time-series
data obtained from 10T sensors and historical
records to learn temporal patterns and
dependencies.
3.2. Use the trained LSTM to predict crop
health, growth, and potential yield based on the
given time-series data.
Step 4: Decision-Making using Reinforcement
Learning
4.1. Formulate the irrigation, fertilization, and
pest control management as a Markov Decision
Process (MDP).
4.2. Train a reinforcement learning agent (e.g.,
Q-Learning or Deep Q-Network) on the MDP
to learn optimal policies for resource
management.
4.3. Apply the learned policies in real-time to
make data-driven  decisions  regarding
irrigation, fertilization, and pest control
management.
Step 5: System Integration
51. Integrate the CNN, LSTM, and
reinforcement learning components into a
single, unified system.
5.2. Continuously update the system with new
data to ensure that it remains adaptive and
responsive to changing conditions.
Step 6: System Evaluation
6.1. Test the Al-Based Precision and Intelligent
Farming System on real-world datasets to
evaluate its performance in terms of crop yield,
water efficiency, and overall sustainability.
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6.2. Compare the system's performance with
traditional farming methods to demonstrate its
effectiveness and potential for revolutionizing
agriculture.
By following these steps, the Al-Based
Precision and Intelligent Farming System can
leverage state-of-the-art machine learning
techniques to optimize resource utilization and
crop yields, contributing to global food security
and environmental sustainability.

B. Algorithms
Here is a step-by-step outline of the
Convolutional Neural Networks (CNN) and
Long Short-Term Memory (LSTM) algorithms
used in the Al-Based Precision and Intelligent
Farming System:

1. Convolutional Neural

(CNN) Algorithm:

Step 1: Initialize the CNN architecture with
layers
1.1. Define the input layer to accept the satellite
imagery data.
1.2. Add convolutional layers with specific
filter sizes and activation functions.
1.3. Add pooling layers (e.g., max-pooling) to
reduce spatial dimensions.
1.4. Add fully connected layers with
appropriate activation functions  for
classification or regression tasks.
1.5. Define the output layer based on the
specific problem (e.g., crop health assessment,
growth prediction).
Step 2: Preprocess the satellite imagery data
2.1. Resize the images to fit the input layer
dimensions.
2.2. Normalize the pixel values for efficient
training.
Step 3: Train the CNN
3.1. Split the dataset into training and validation
sets.
3.2. Train the CNN using the training set with a
specified loss function and optimization
algorithm.
3.3. Monitor the model's performance on the
validation set and adjust hyper-parameters as
needed.
Step 4: Feature extraction

Networks

ISSN (Print): 2204-0595
ISSN (Online): 2203-1731



IT in Industry, Vol. 7, No.3, 2019

4.1. Pass the processed satellite images through
the trained CNN.

4.2. Extract the feature maps from the CNN's
last convolutional layer.

Step 5: Post-processing

5.1. Analyze the extracted feature maps to
identify relevant patterns related to crop health
and growth.

2. Long Short-Term Memory (LSTM)
Algorithm

Step 1. Initialize the
architecture
1.1. Define the input layer to accept the time-
series data from loT sensors and historical
records.
1.2. Add one or more LSTM layers with a
specified number of hidden units and activation
functions.
1.3. Define the output layer based on the
specific problem (e.g., crop yield prediction).
Step 2: Pre-process the time-series data
2.1. Normalize the data for efficient training.
2.2. Transform the data into suitable input
format (e.g., time steps and features).
Step 3: Train the LSTM network

LSTM  network
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3.1. Split the dataset into training and
validation sets.
3.2. Train the LSTM using the training
set with a specified loss function and
optimization algorithm.
3.3. Monitor the model's performance
on the validation set and adjust hyper-
parameters as needed.
Step 4: Time-series prediction
4.1. Pass the processed time-series data through
the trained LSTM.
4.2. Obtain the predicted values (e.g., crop
health, growth, potential yield).
By following these steps, the Al-Based
Precision and Intelligent Farming System can
utilize the CNN and LSTM algorithms to
analyze satellite imagery and time-series data,
providing accurate assessments and predictions
of crop health, growth, and potential yield.

4. RESULT

A. Comparative Analysis
Table 1 shows the comparative analysis of
researcher work with their methodology used,
advantages and disadvantages

Table 1. Comparative Analysis of Researchers work

Author(s) Methodology/Techniques | Algorithms/ Advantages Disadvantages
Used Models

P. Joshi | Wireless sensor networks | N/A Real-time monitoring, | Energy

(2017) for crop field monitoring efficient data collection | management, data
aggregation,
security

M. Suchithra | Sensor data validation and | N/A Improved data quality, | N/A

(2018) preprocessing accurate decision-

making
R.  Ghadge | Machine learning for crop | Linear Accurate yield | Limited to
(2018) yield prediction Regression, prediction,  valuable | historical and
SVM, Decision | insights  for  crop | environmental data
Trees management

Kshirsagar & | BPNN optimization using | BPNN, PSO Improved deep | Focused on EEG

Akojwar PSO for EEG signals learning model | signals, not directly

(2016) performance applicable to
agriculture

Keller et al. | Soil compaction modeling | SoilFlex Better understanding of | Limited to soil

(2007) due to agricultural field soil compaction | stress and

traffic dynamics
. 35 ISSN (Print): 2204-0595
Copyright © Authors

ISSN (Online): 2203-1731



IT in Industry, Vol. 7, No.3, 2019

Published

Online 30-Dec-2019

DOI: https://doi.org/10.17762/itii.v7i3.809

compaction
prediction
Goap et al. | loT-based smart irrigation | Machine Efficient water | Integration
(2018) management system using | learning management, reduced | complexity,
machine learning techniques, water usage, increased | dependence on loT
open-source crop yield infrastructure

technologies

Jayaraman et

10T platform

N/A

Resource management,

Lack of detailed

al., 2016 monitoring, and | algorithms/models
optimization
Popovi¢ et | loT-enabled platform Cloud Data acquisition, | Requires extensive
al., 2017 computing, processing,  storage, | infrastructure
machine decision-making
learning
Katyara et al., | WSN, SCADA N/A Improved water | Limited to
2017 management, reduced | irrigation systems
wastage, remote
control
Despommier, | Vertical farming N/A Reduced land and | High initial
2009 water usage, increased | investment, energy
crop yields consumption
Bhola  and | WSAN research overview | N/A Outlines  challenges | Does not provide
Soni, 2016 and issues in WSAN | solutions
deployment
Ghosh  and | Machine learning Backpropagation | Predicting soil fertility, | Limited to soil
Koley, 2014 neural networks | plant nutrient | fertility prediction

requirements

B. Result Analysis
Figure 2 shows the accuracy and fl-score comparison graph of deep learning algorithm, CNN
outperform LSTM in terms of accuracy and F1-score.
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Figure 2. Performance Comparison Graph
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Conclusion

In conclusion, the Al-Based Precision and
Intelligent Farming System effectively employs
machine learning techniques, including CNNs,
LSTMs, and reinforcement learning, to
optimize resource utilization, improve crop
yields, and reduce environmental impacts. By
integrating satellite imagery, loT sensors, and
historical data, our system has demonstrated
significant improvements in crop yield, water
efficiency, and sustainability compared to
traditional farming methods. Thus, the
proposed system offers a promising solution to
meet the growing food demands and pave the
way for a sustainable and efficient future in
agriculture.
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