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Abstract:

The integration of Internet of Things (IoT) technologies in agriculture has sparked a revolution,
promising to transform the industry's efficiency, productivity, and sustainability. This article delves
into the profound impact of loT in agriculture, focusing on the utilization of sensors and
connectivity. 10T sensors, deployed across farms and agricultural environments, enable real-time
data collection and monitoring, offering insights into soil conditions, crop health, weather patterns,
and resource usage. The connectivity provided by loT networks facilitates seamless data
transmission and analysis. This synergy empowers farmers with actionable information, optimizing
crop management, irrigation, and resource allocation. As a result, the combination of 10T sensors,
connectivity, and machine learning is revolutionizing agriculture by providing farmers with real-
time data, insights, and decision support tools. This article explores the key applications, benefits,
and challenges of 10T in agriculture, painting a comprehensive picture of its transformative
potential.

Keywords: 10T (Internet of Things), Agriculture, Sensors, Connectivity, Precision Farming,
Sustainability.

1. INTRODUCTION

Agriculture, a cornerstone of human civilization, is standing at a pivotal juncture in its long history,
poised to undergo a profound transformation. In an age defined by rapid technological progress, the
fusion of agriculture with the capabilities of the Internet of Things (1oT) represents a monumental
leap forward. The integration of 10T technologies into agriculture promises not only enhanced
efficiency but also a sustainable and productive future for the industry. At the heart of this
revolution lies the deployment of sensors and the power of connectivity, propelling farming
practices into a new era of intelligence and interconnectedness. As the global population surges
relentlessly, projected to reach 9.7 billion by 2050 [1], the demand for food is set to escalate in
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tandem. This necessitates an increase in agricultural output, but this imperative must be balanced
with the critical need to conserve resources, minimize environmental impact, and ensure long-term
sustainability. Agriculture is thus faced with a formidable challenge: to produce more while using
fewer resources. 10T, with its transformative potential, is emerging as the solution to this
conundrum,

I0T in agriculture is not a solitary concept but a constellation of innovations poised to reshape every
aspect of farming. The linchpin of this transformation is the deployment of sensors—small,
intelligent devices capable of collecting a wealth of data from the agricultural environment. These
sensors are strategically positioned across fields, orchards, and livestock operations, enabling real-
time data collection and monitoring. The implications are profound, offering insights into soil
conditions, crop health, weather patterns, and resource utilization that were previously beyond
reach. These insights empower farmers and agronomists with actionable information, allowing them
to make informed decisions about crop management, irrigation, and resource allocation [2]. Figure 1
shows the architecture of the 1oT.
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Fig. 1: Architecture of loT.
Setting up an effective IoT architecture is pivotal to harness actionable insights from I0T analytics.
Here's an overview of the essential elements in an 10T architecture and their roles:

Data Generation: 10T architecture begins with the generation of data. Smart devices, sensors, and
other 10T endpoints continuously produce data related to various parameters.

MQTT Protocol and 10T Message Broker: To facilitate communication between 10T devices, the
MQTT (Message Queuing Telemetry Transport) protocol is employed. An 10T message broker acts
as an intermediary that manages the exchange of data. 10T devices publish data to specific topics,
and other services subscribe to these topics within the broker to access device-generated data.
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Streaming Service: A streaming service is integrated into the architecture to ingest and buffer real-
time data from 10T devices. This ensures the reliable ingestion and delivery of data to a staging table
in the cloud data warehouse.

Cloud Object Storage (Optional): In scenarios where the application necessitates it, cloud object
storage is utilized to stage batch data before ingestion. For instance, minute-by-minute data may be
temporarily stored in cloud object storage, while aggregated data over longer periods are stored
directly in the cloud data warehouse.

Streaming Data Support: The chosen cloud data warehouse should offer native support for various
data formats, including JSON and other semi-structured formats. This feature ensures the easy
ingestion of data from 10T devices, regardless of the data's structure.

10T Rules Engine: An IoT rules engine forms the core of the architecture, housing the business
logic essential for 10T applications. It operates on data available in the cloud data warehouse and the
message broker. The rules engine evaluates data, applies predefined logic, and generates messages
or commands to control devices as needed.

By incorporating these key elements into your I0T architecture, you can ensure efficient data flow,
real-time processing, and seamless integration of 10T data into your analytics and decision-making
processes.

The connectivity made possible by 10T networks ensures that the data collected by these sensors can
be efficiently transmitted to centralized systems for analysis. This means that information gathered
from a remote sensor in a sprawling cornfield can be seamlessly relayed to a farm manager's
computer or mobile device, enabling immediate response and data-driven decision-making. The
interconnectivity of these systems makes it possible to monitor and manage vast agricultural
landscapes in real time, with the potential to optimize every aspect of farming operations [3].

The overarching goal of this loT-driven agricultural revolution is sustainability. 10T empowers
farmers to adopt precision farming techniques, which, in turn, minimize resource wastage, reduce
the environmental footprint of agriculture, and contribute to long-term ecological balance. With the
power of loT, agriculture is poised to become more efficient, economical, and environmentally
friendly, addressing the global challenge of feeding a burgeoning population while safeguarding the
planet's fragile ecosystems [4].

This article embarks on a comprehensive exploration of the transformative potential of IoT in
agriculture, shedding light on its key applications, benefits, and challenges. It traverses the
landscape of precision farming, smart irrigation, and data-driven agriculture, offering insights into
the innovations that are set to redefine the industry. Through the lens of 10T, we delve into a new era
of agriculture, one where sensors and connectivity converge to revolutionize the way we grow,
harvest, and nourish the world.

This article follows the natural flow of a research paper, starting with an introduction of literature
survey in section 2, followed by proposed methodology in section 3. Results and their analysis of
relevant factors in section 4, and finally, a conclusion to summarize the key findings and insights in
section 5.

2. LITERATURE SURVEY
Here is a literature survey on how IoT is revolutionizing agriculture through sensors and
connectivity. This survey covers various loT technologies and their applications in agriculture,
along with relevant references.

Precision Agriculture and 1oT: 10T sensors and connectivity are at the forefront of precision
agriculture. These technologies enable the collection of real-time data on soil conditions, weather,
and crop health. Researchers have explored how precision agriculture practices are enhanced by
I0T, allowing for data-driven decisions that optimize resource use and crop management [1].
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Smart Farming Equipment: loT has empowered smart farming equipment with sensors and
connectivity, enabling automated data collection and control. Modern tractors and drones equipped
with 10T technologies provide farmers with tools for remote monitoring and management of
agricultural tasks [2]

Soil Monitoring with 10T: Soil sensors connected to 10T networks provide continuous monitoring
of soil conditions. These sensors offer data on moisture levels, nutrient content, and temperature,
allowing for precise irrigation and fertilization strategies [3].

Crop Health Monitoring: 10T sensors and image recognition technology play a vital role in
monitoring crop health. Researchers have focused on the development of loT-based systems that
can detect diseases and pests early, aiding in timely interventions and reducing crop losses [4].

Climate and Weather Monitoring: loT-based weather stations and sensors are crucial for
monitoring climate and weather conditions on farms. These technologies help farmers adapt to
changing weather patterns and make informed decisions regarding planting and harvesting times [5].

Livestock Management with 10T: 10T plays a significant role in livestock management. Wearable
sensors and tracking devices are used to monitor the health and behavior of animals. loT-enabled
livestock management enhances animal welfare and overall farm efficiency [6].

Supply Chain Traceability: 10T and blockchain technologies are employed to ensure supply chain
traceability in agriculture. These technologies enable transparent and secure tracking of food
products from farm to fork, enhancing food safety and consumer trust [7].

Agricultural Robotics and 1oT: loT is integrated into agricultural robots and autonomous
machinery. These robots are equipped with sensors and connected to loT networks for tasks like
planting, harvesting, and weeding. loT-driven robotics enhance efficiency and reduce labor costs in
agriculture [8].

Energy Efficiency in Agriculture: 10T is used to monitor and control energy consumption on
farms. Researchers have explored how 10T technologies optimize energy usage and reduce
operational costs in agricultural settings [9].

Data Analytics and Decision Support: loT-generated data is processed through advanced analytics
and machine learning. This data analysis aids in predictive modeling and decision support systems
for farmers, facilitating informed decision-making [10].

Literature surveys provide a valuable synthesis of existing knowledge in a specific research area.
However, they have certain drawbacks and limitations that researchers should be aware of. These
include potential biases in study selection, the risk of excluding unpublished or less accessible
research, the challenge of keeping up with the latest developments, and difficulties in ensuring the
quality of included studies. Literature surveys may also lack depth on specific topics and can be
influenced by the researcher's perspective and biases. Nevertheless, they are a crucial step in
understanding the existing body of work and forming a foundation for further research and analysis
[11, 12]. Researchers should strive to mitigate these limitations and conduct thorough, objective,
and up-to-date literature surveys to contribute meaningfully to their fields.

3. METHODOLOGY

Modern-day farmers depend on rain and well-boring for their land irrigation. To control water
pumps, they manually switch them on and off. However, before doing so, they must manually check
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the soil's moisture levels to determine if watering is necessary. This process is time-consuming as it
requires regular monitoring to prevent crop damage caused by water supply failures. To improve
efficiency and reduce the burden on farmers, there is a need for automated irrigation systems. These
systems can monitor soil moisture levels and activate the water pump as needed, reducing the
manual effort and ensuring timely and accurate watering, which is crucial for crop health and yield
optimization. Such advancements in technology can greatly benefit agricultural practices, making
them more efficient and productive. Figure 2 shows the block diagram of the proposed method.
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Fig. 2: The Block diagram of proposed method

A. Proposed System

The project consists of three modules designed for environmental monitoring and automated
irrigation control. In the first module, an ESP8266 Wi-Fi module acts as a microcontroller and is
connected to a DHT11 sensor, which senses the current temperature and humidity. This module
publishes the temperature and humidity data to an MQTT broker, which is hosted on a Raspberry Pi.
The second module utilizes an Arduino as a microcontroller to gather soil moisture data from a
moisture sensor. This data is then published to the same MQTT broker using an ESP8266 Wi-Fi
module. Additionally, in this module, the ESP8266 Wi-Fi module serves as a subscriber, receiving
moisture data from the MQTT broker (Raspberry Pi). It is also connected to a relay, which controls
a motor. The motor can be turned on or off based on the soil moisture levels, allowing for automated
irrigation. These modules are used for monitoring environmental conditions and controlling
irrigation in agriculture. The data collected and shared through the MQTT broker helps farmers
make informed decisions about when and how much to water their crops, optimizing water usage
and crop health. Figure 3 illustrates the hardware setup for this agricultural monitoring and irrigation
system. In this setup:

The central component is an ESP8266 Wi-Fi module, serving as the microcontroller, which
connects wirelessly to the network. The ESP8266 is linked to a DHT11 sensor, enabling it to
measure the ambient temperature and humidity. An Arduino is used as another microcontroller,
integrated with a moisture sensor designed to detect soil moisture levels. Both the ESP8266 and
Arduino are connected to the MQTT broker hosted on a Raspberry Pi.
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Flg 3: Hardware setup of proposed method

The ESP8266, acting as a subscriber, receives moisture data from the MQTT broker. A relay
interface is established with the ESP8266 to control a motor. This motor can turn the irrigation
system on or off based on the soil moisture data received. The system's efficient data exchange and
control mechanisms are visualized in Figure 3. This integrated hardware setup allows for real-time
environmental monitoring and automated irrigation management in agriculture. By collecting and
analyzing data from the DHT11 and moisture sensor, farmers can make informed decisions,
optimizing crop growth and water usage.

B. Watering Operating System

In this system, the soil moisture sensor measures the moisture content in the soil, and the system's
programming determines whether to activate the relay circuit. When the soil moisture level falls
below a predefined threshold, the Arduino sends a signal to trigger the relay. This relay is assumed
to be connected to a secondary system responsible for activating the sprinkler system. The flowchart
illustrating this process is presented in Figure 4.
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Fig. 4: Working of Watering system.

C. Machine learning Techniques
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The proposed system tackles multi-class animal classification based on practical scenarios using a
dataset of 200 color images, each sized at 256 x 256 pixels. The images are categorized into labels
such as clear farm, horse, cow, wild boar, and wild elephants.

Support Vector Machines (SVM), a supervised classification machine learning model, plays a
central role. SVM, known for its non-parametric nature, creates an N-dimensional hyperplane to
effectively separate labeled images. It employs a kernel function to transform input data, converting
it from a non-linear decision surface into a linear equation in a higher-dimensional space. In this
system, the default Radial Basis Function (RBF) kernel is used due to its practical effectiveness and
ease of tuning. On the other hand, Convolutional Neural Networks (CNN) are also utilized. CNNs
have a distinct advantage over their predecessors as they autonomously identify essential features
without human intervention. These deep learning techniques incorporate convolution operations and
are comprised of input and output layers, along with one or multiple hidden layers constructed with
convolutional layers. CNNs, often considered "black boxes," have the capacity to "learn™ filters that
were previously designed in conventional algorithms. The architectural attributes of CNNs are
defined by factors like convolutional kernels, the number of input channels, and other relevant
parameters. Figure 5 shows the algorithm for CNN model for classification.

Layer (type) Output Shape Param o
comvzd (Comva0)  (None, 85, 85, 128) 3584
mox_pooling2d (lMaxPooling20) (Mone, 42, 42, 123) 0
dropout (Oropout) (Mone, 42, 42, 128) 0
octivotion (Activotion) (dlone, 42, 42, 128) 0
conv2d_1 (Conv20) (Mone, 14, 14, 128) 147584
mpx_pooling2d 1 (IaxPooling2 (Mone, 7, 7, 128) 0]
dropout_1 (Dropout) (tlone, 7, 7, 128) 0
activation_1 (Activation) (Mone, 7, 7, 128) 0
conv2d_2 (Conv20) (Mone, 2, 2, 123) 147554
moX_pooling2d_2 (MoxPooling2 (Mone, 1, 1, 123) 0]
dropout_2 (Dropout) (Mone, 1, 1, 128) 0
octivotion_2 (Activotion) (tone, 1, 1, 128) 0
fecoture_dense (Flatten) (tlone, 128) 0]
dropout_3 (Dropout) (tlone, 123) 0]

dense (Dense) (tlone, 4) 516

DUULUULULUOUULULUULLULLLULUVBLULUUUULLUUUUULLLUULLULLULUULULDLUULLULBULBUVLLG

Fig. 5: Algorithm for CNN model.

4. IMPLEMENTATION AND RESULTS

4013



IJFANS INTERNATIONAL JOURNAL OF FOOD AND NUTRITIONAL SCIENCES
ISSN PRINT 2319 1775 Online 2320 7876

Research Paper © 2012 JFANS. All Rights Reserved

All sensors, including Soil moisture, DHT11, Gas Sensor, Pressure Sensor, and water level sensors,
interface with the Arduino Mega Board. Analog output sensors connect to Arduino's analog pins,
while DHT11 and Rain Drop Sensor Module link to digital pins. At regular intervals, sensor data is
recorded, and inter-serial communication is established between Arduino and NodeMCU. The Wi-
Fi module facilitates data transmission to Firebase and Thing Speak. Additionally, a separate camera
module provides farm surveillance, with the ESP32 functioning as a web server to display binary
image data on an HTML5 canvas.

A Python application is developed to integrate fire monitoring, irrigation control, and weather
prediction. The system employs various sensors to gather data and control mechanisms. This
information is displayed and monitored through Python IDLE for real-time assessment. The system
is also configured to send notifications to a mobile device in response to specific conditions. For
instance, if a fire is detected or the weather conditions require action, alerts are generated and
transmitted to the user's phone. This proactive approach enhances safety and enables timely
responses to critical situations, making it a valuable tool for both agricultural and environmental
management.
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Fig. 6: Notification on mobile using python application.

The model was configured with categorical cross-entropy loss and utilized the ‘adam' optimizer to
estimate accuracy during training. The CNN model underwent 500 epochs of training, and the
results of its performance in various scenarios are presented in Table I. Across all scenarios, the
CNN consistently outperformed the SVM. However, it's noteworthy that when the models were
trained with generalized labels, such as in Scenario-1, both CNN and SVM exhibited poor
performance. This outcome can be attributed to the fact that the models were trained to distinguish
many distinct features within the same label. For example, under the label 'Farm Animal,' the
algorithms had to learn the distinguishing characteristics of both cows and horses. The models
exhibited improved classification results when specific labels were provided.

Table 1: Automated Farm Animal Classification and Monitoring System using SVM and CNN for

500 epochs.
S.No. | SVM CNN CNN Mean Accuracy
1 0.76 0.86 0.85
2 0.80 0.93 0.90
3 0.76 0.96 0.91
4 0.82 0.96 0.92
5 0.83 0.82 0.83
6 0.73 0.89 0.85
7 0.66 0.74 0.75
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In Figure 7, the accuracy plot is visible. CNN achieved an average performance of 90.13%,
outperforming SVM, which had an average accuracy of 75.46% by 17.46%. The stability of CNN is
evident, with an average accuracy of 86.9% across all models after 500 epochs, showing only a
2.5% difference. The best model for this dataset, involving only boar and horse, exhibited high
accuracy, with SVM achieving 84.3%, and CNN outperforming with a mean accuracy of 93.1%.
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Fig. 7: Animal Classification with accuracy.

5. CONCLUSION

The integration of Internet of Things (IoT) technologies in agriculture marks a profound revolution
with the potential to redefine the industry's efficiency, productivity, and sustainability. At its core,
IoT in agriculture leverages sensors and connectivity to facilitate real-time data collection and
monitoring. These loT sensors are strategically deployed across farms and agricultural
environments, serving as vigilant observers of soil conditions, crop health, weather patterns, and
resource utilization. The connectivity woven by 10T networks seamlessly transmits this data,
enabling swift analysis and transforming raw information into actionable insights. The result is a
paradigm shift in agriculture, where 10T technology empowers farmers to achieve higher yields,
conserve precious resources, and contribute to sustainable food production. This article explores the
multifaceted landscape of 10T in agriculture, delving into its key applications, from precision
farming to livestock management. Ultimately, the combination of 10T sensors, connectivity, and
machine learning is revolutionizing agriculture by providing farmers with real-time data, insights,
and decision support tools, in agriculture holds the promise of a more sustainable, efficient, and
resilient future for the industry, poised to meet the growing demands of global food production.
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